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Abstract 
Medicare claims (CMS) are a source of nationwide data on various disease 
conditions including stroke. Development of acute stroke hospitalization 
identification algorithms in CMS data could allow these data to be used more 
widely. Our aims were: 1) Link a validated, population-based, acute stroke 
hospitalization database to CMS data; 2) Validate  the CMS Chronic Conditions 
Warehouse (CCW) stroke definition using CMS linked hospitalization data; 3) 
Develop and test algorithms to identify acute stroke hospitalizations in CMS data. 
 
Aim 1: We linked 90% (n=2,476) of year 2000 Minnesota Stroke Survey (MSS) 
hospitalizations to CMS enrollment data and 74% (n=2,041) to CMS 
hospitalization claims. No CMS claim was located for 16% of MSS 
hospitalizations linked to CMS enrollment data; 84% of these patients were 
enrolled in an HMO plan. Inclusion of the working aged and Medicare ineligible 
patients in MSS may account for inabilities to link some hospitalizations to CMS 
claims.   
 
Aim 2: When the CCW stroke definition in CMS data was compared to acute 
stroke hospitalizations in MSS, sensitivity [SEN] was 97% and specificity [SPE] 
was 99%. However, we observed many false positives (positive predictive value 
[PPV] 78%). False positives increased when both CMS hospitalization and 
physician claims identified stroke cases.  
 
Aim 3: We used the Classification and Regression Tree (CART) modeling 
framework to develop and test algorithms to identify stroke in CMS data. The 
algorithm with best discriminative performance identifies cases with an acute 
stroke hospitalization discharge code in their hospital record in CMS 
hospitalization claims (Test data [TD]: SEN=90%, SPE=96%, area under the 
receiver operating curve [AUC]= 0.94). Discriminative performance was also high 
for the algorithm identifying CMS hospitalizations for cases meeting the World 
Health Organization stroke definition (TD: SEN=91%, SPE=95%, AUC=0.93). 
 
Our CART algorithms are available for validation with other data sets. Potential 
utility of developed algorithms has broader implications for stroke epidemiology 
and health services research. 
  iii 
Table of Contents 
 
List of Tables                                                                                                        v 
 
List of Figures                                                                                                       vi 
 
Chapter 1. Introduction 
A. Overview              1-3 
B. Specific Aims              3 
C. Gold standard stroke definitions       3-4 
D. Comparison stroke definitions           4-5 
E. Conceptual and statistical framework          5 
F. Methods              5-6 
G. Organization             7 
 
Chapter 2. Optimizing Linkage of a Stroke Patient Care Database to Medicare 
Enrollment and Hospitalization Claims Data 
A. Introduction            8-9 
B. Methods           9-12 
C. Results          12-19 
D. Discussion          20-25 
 
Chapter 3. Validation of the Medicare Chronic Conditions Warehouse 
Stroke Definition Using an Acute Stroke Hospitalization Discharge Database 
A Introduction           26-27 
B. Methods          27-35 
C. Results          35-42 
D. Discussion          42-48 
 
Chapter 4. Algorithms for Identification of Acute Stroke Hospitalizations in 
Medicare Data 
A. Introduction          49-50 
B. Methods          50-57 
C. Results          58-71 
D. Discussion          72-77 
 
Chapter 5. Conceptual and Statistical Framework 
A. Conceptual Framework        78-84 
1.   Relevant Measures of Health Care Utilization in Medicare Data  84-86 
B. Statistical Framework  
1.   Overview         86-87  
2.   Problem Type-Classification and Prediction    87-88 
3.   Differences Our Validation Approach and Previous Validations  88-89 
4.   Supervised Learning Methods      89-93 
 
Chapter 6. Conclusion 
A. Overall Results Summary         94-96 
  iv 
B. Applications         96-98 
C. Strengths          98 
D. Future Research         98-100 
 
References                                                                                                        101-110 
 
Appendix   111-114  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  v 
List of Tables 
Table 2.1 Summary of Year 2000 Minnesota Stroke Survey    pg 17 
(MSS) to Medicare (CMS) enrollment and hospitalization 
claims data linkage 
 
Table 2.2 Minnesota Stroke Survey (MSS) year 2000 hospitalization   pg 18 
(hosp) demographic and enrollment (enroll) variables stratified by  
type of Medicare (CMS) claims data linkage   
 
Table 2.3 Minnesota Stroke Survey (MSS) year 2000 hospitalizations   pg 19 
stratified by hospital and type of Medicare  (CMS) claims data linkage 
 
Table 3.1 Minnesota Stroke Survey (MSS) acute stroke definitions   pg 31 
and the Chronic Conditions Warehouse stroke (CCW) definitions  
used in validation of CCW stroke 
 
Table 3.2 Comparison of ICD-9 codes included in the Minnesota    pg 33 
Stroke Survey (MSS) and the Medicare Chronic Conditions  
Warehouse (CCW) stroke definition 
 
Table 3.3 Baseline characteristics of the Medicare linked Minnesota   pg 37 
Stroke Survey (MSS) patients and non-stroke patients in the MSS  
catchment area 
 
Table 3.4 Validity of the Medicare Chronic Conditions Warehouse   pg 40 
 (CCW) stroke definition as compared to the Minnesota  
Stroke Survey (MSS) 
 
Table 3.5 Performance of the Chronic Conditions Warehouse (CCW)   pg 42 
stroke definition as compared to the Minnesota Stroke Survey  
gold standard 
 
Table 4.1 Baseline characteristics of sampled Minnesota            pg 60-61 
Stroke Survey (MSS) patients associated with  
CMS linked stroke hospitalizations 
 
Table 4.2 Performance of Classification and Regression (CART)           pg 63-64  
algorithms developed to identify acute stroke hospitalizations  
in Medicare (CMS) data for cases: A) with an acute stroke  
hospital discharge code in any position (431,432,434,436,437),  
B) meeting neuroimaging criteria (NS) and C) meeting  
World Health Organization stroke definition (WHO) 
 
Table 5.1 Summary of Strengths, Assumptions, and Limitations    pg 93 
of Decision Trees 
  vi 
List of Figures 
Figure 2.1 Summary of Minnesota Stroke Survey year 2000    pg 14 
hospitalization (hosp) and patient (pat) linkage to Medicare 
 (CMS) enrollment and hospitalization claims data 
 
Figure 3.1 Description of Minnesota Stroke Survey (MSS)     pg 36 
patients linked to CMS claims data meeting the CCW  
stroke definition in MSS 
 
Figure 3.2 Performance of the Chronic Conditions Warehouse    pg 39 
(CCW) Stroke Definition as compared to the Minnesota Stroke  
Survey (MSS) (ICD-9 code 431.xx, 434.00, 434.01,  
434.11, 434.90, 434.91, 436.xx) 
 
Figure 4.1 Overview of Minnesota Stroke Survey (MSS)     pg 54 
linkage to CMS data 
 
Figure 4.2 Overview for model building and evaluation     pg 56 
of algorithms to identify acute stroke hospitalizations  
in Medicare (CMS) data 
 
Figure 4.3 Minnesota Stroke Survey (MSS) sample used    pg 58 
 to develop and test algorithms for identification of  
acute stroke hospitalizations in Medicare (CMS) data. 
 
Figure 4.4 CART tree to identify Medicare (CMS)      pg 65 
acute stroke hospitalizations for cases aged 65 to 84  
years with an acute stroke hospitalization discharge code 
 [ICD-9 431,432,434,436,437] in any position  
of their hospital record- training data 
 
Figure 4.5 CART tree to identify Medicare (CMS) acute     pg 68 
stroke hospitalizations for cases aged 65 to 84 years  
meeting neuroimaging criteria (NS) - training data 
 
Figure 4.6 CART tree to identify Medicare (CMS) acute     pg 71 
stroke hospitalizations for cases aged 65 to 74 meeting  
the World Health Organization stroke definition  
(WHO)-training data 
  
Figure 5.1 Andersen Newman Framework for Viewing     pg 79 
Health Services Utilization 
 
Figure 5.2 Variables in Medicare Data Important to Acute     pg 83 
Stroke Hospitalization Using the Andersen Newman  
Framework for Viewing Health Services Utilization 
 
  1
Chapter 1: Introduction 
A. Overview 
Stroke is currently estimated to be the fourth1  leading cause of death and 
is a leading cause of long term disability in the United States.2  Greater than 65% 
of strokes occur in individuals over 65 years of age.3 As this population is 
Medicare (CMS) eligible, billing claims provide a potential source of nationwide 
stroke data.4-8 
Hospitalization databases linked to CMS claims data can provide datasets 
used to study long term patient outcomes, quality of care, and health care 
utilization. 9, 10 However, stroke research using CMS billing claims is currently 
limited by several factors, most notably the validity and accuracy of stroke 
identification algorithms and incomplete cross-database linkage.  
There is seldom complete linkage of all patients in a hospitalization 
database to CMS hospitalization data.11 Claims for patients enrolled in HMO 
plans are not well represented in CMS data, which contributes to imperfect 
linkage to CMS hospitalization claims. Previously published work describing CMS 
hospitalization database linkage projects was conducted either in a population 
with low HMO enrollment11 or with indirect identifiers only.12, 13 Extent and affect 
of HMO enrollment on projects attempting to link hospitalization records to CMS 
data has not been well described.  
There is currently no validated algorithm to accurately identify acute stroke 
patients in Medicare claims data. The Centers for Medicare and Medicaid 
Services (CMS) Chronic Conditions Warehouse (CCW) created a stroke 
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algorithm relying on ICD-9 codes available in CMS data14, 15 to assist with 
extraction of clinical stroke cohorts from Medicare data for research purposes. 
The validity of the CCW stroke algorithm is unknown and it is not currently being 
widely used. The accuracy of stroke diagnosis codes in administrative claims 
database has varied widely when compared to clinical stroke definitions.16 There 
has been preliminary work to develop an algorithm to identify stroke17, but no 
validated algorithm currently exists to systematically identify stroke cases in CMS 
claims data.  
To address this research gap, we linked an acute stroke hospitalization 
database to CMS claims data. We used these CMS linked data to conduct a 
validation study examining the accuracy of the CCW stroke definition for acute 
stroke hospitalization identification.  Finally we used the CMS linked acute stroke 
hospitalization database to develop algorithms for identification of acute stroke 
hospitalizations in Medicare data. 
B. Specific Aims 
Aim 1: To accurately link as many hospitalization records as possible to CMS 
data and explain why some patient hospitalizations cannot be located in CMS 
claims. 
Aim 2: To determine the validity of the CCW stroke definition for identification of 
acute stroke hospitalizations. 
Aim3: To develop and test algorithms to accurately identify acute stroke 
hospitalizations in Medicare data. 
  3
Data Sources-The following data sources were used: Medicare Denominator 
and Hospitalization (MedPAR) files Years 2000-2008; Medicare Beneficiary 
Annual Summary File (BASF) Year 2000; Minnesota Stroke Survey (MSS) Year 
2000. 
 
C. Gold standard stroke definitions 
For all aims, gold standard stroke definitions were always defined by the 
MSS. Each hospitalization was defined as meeting or not meeting a specific 
stroke definition. As the MSS was population based, non-stroke hospitalizations 
were hospitalizations in MSS hospitals which were not included in the MSS acute 
stroke database (i.e., hospitalizations not included in the MSS database did not 
have MSS acute stroke ICD-9 codes in the hospitalization records). Specifically: 
• Aims 1: All linked MSS hospitalizations met the following broad gold 
standard stroke definition: A MSS hospitalization with an acute stroke 
discharge code (ICD-9 430, 431, 432, 434, 436, 437) in any position of the 
hospitalization record.  
• Aim 2: The gold standard was an MSS hospitalization with an acute 
stroke discharge code (ICD-9 431, 432, 434, 436, 437) in any position of 
the hospitalization record.  
• Aim 3: Three gold standard MSS stroke definitions were examined. 1) A 
MSS hospitalization with an acute stroke discharge code (ICD-9 431, 432, 
434, 436, 437) in any position of the hospitalization record (DS). 2) A MSS 
hospitalization with the above acute hospitalization discharge code and 
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WHO (World Health organization) stroke definition: A focal or global 
disturbance of function due to a vascular cause lasting at least 24 hours 
unless interrupted by surgery/death. 3) A MSS hospitalization with the 
above acute hospitalization discharge codes and identified as 
experiencing a definite, probable or possible stroke by neuroimaging (NS). 
D. Comparison stroke definitions/algorithms 
Aim 1 had no comparison stroke definition. Aim 2 and Aim 3 comparison stroke 
definitions/algorithms were 
• Aim 2: Comparison stroke definitions were defined in three ways. 1) 
Stroke as defined by the CCW, derived from the BASF file (stroke=1/0). 2) 
CCW stroke definition calculated with hospitalization claims; 3) CCW 
stroke definition calculated with hospitalization and physician claims). 
• Aim 3: Algorithms for identification of stroke hospitalizations meeting each 
stroke definition (i.e., DS, NS, WHO) served as the comparison. CMS 
variables used in algorithm construction included the following:  
o Age, sex, race, hospitalization diagnosis codes, surgical procedure 
codes, diagnosis related group codes, magnetic resonance imaging 
(MRI) charges, speech therapy charges, physical therapy charges, 
occupational therapy charges, emergency room charges, hospital 
discharge destination, number of ward days, number of private 
room days, and length of stay.  
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E. Conceptual and Statistical Frameworks   
As health care utilization databases were employed to develop algorithms 
to identify acute stroke hospitalizations, the Andersen and Newman18 conceptual 
framework for modeling health care assists in the conceptualization of the 
project. This model defines elements which may be of use in attempts to learn 
which variables in administrative datasets (a function of health service utilization) 
are associated with a particular clinical diagnosis (i.e., stroke). 
As a statistical framework, supervised learning systems were selected. 
Medicare data are a measure of health care utilization wherein patterns of 
service utilization associated with stroke type of hospitalization may be obscure. 
Our interests lie in learning what patterns exist in the data that may be 
associated with acute stroke hospitalization. Supervised learning systems are 
able to handle complex datasets, take a known set of examples and use it to 
learn the variables associated with a particular outcome. Attempting to identify 
acute stroke admissions in Medicare data using a validated stroke database is a 
classification and prediction problem. We attempted to predict values of a 
categorical dependent variable (i.e., stroke/non-stroke) from one or more 
continuous and/or categorical predictor variables (i.e, Medicare variables).19 The 
fundamental goal of our specific classification and prediction problem is to extract 
a decision rule from sample data which can be applied to new unseen data.20 
F. Methods  
• Aim 1: MSS hospitalization data were linked to CMS enrollment and 
hospitalization claims data in three ways: a) directly with a CMS provided 
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link; b) indirectly with nearest neighbor matching algorithms; c) using state 
mortality records as another linking variable. We examined demographic 
factors and HMO enrollment of MSS patients by CMS linkage type (i.e, 
linked or unlinked to CMS data). 
• Aim 2: Patients meeting the CCW stroke definition (ICD-9 431.xx, 434.00, 
434.01, 434.11, 434.90, 434.91, 436.xx) [n=1,347] in MSS were linked to 
CMS claims data. To examine sensitivity (SEN) and positive predictive 
value (PPV) [identifying stroke cases] as well as specificity (SPEC) and 
negative predictive value (NPV) [rejecting non-stroke cases], Medicare 
beneficiaries hospitalized for conditions other than stroke in the MSS 
catchment area were included (n=36,032) in the study dataset.  
• Aim 3: We developed and tested acute stroke hospitalization identification 
algorithms using Classification and Regression Tree (CART) models.19 
Algorithms used CMS data variables such as hospital diagnosis codes 
and other billing codes to identify acute stroke hospitalizations. Each 
algorithm was trained to identify each specific stroke definition. For all 
algorithms, training and testing steps were conducted to first develop an 
algorithm and then evaluate its performance. Developed models were 
examined using sensitivity, specificity, PPV, and NPV. Discriminative 
performance was examined with area under the receiver operative curve 
(AUC).  
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G. Organization of this document 
  Three papers were written for this project, one paper for each aim. This 
document presents each of these papers, and then describes the conceptual and 
statistical frame works underlying this project. Finally, a broad summary of 
research findings and their significance is included. 
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Chapter 2. Optimizing Linkage of a Stroke Patient Care Database to 
Medicare Enrollment and Hospitalization Claims Data 
A. INTRODUCTION 
           As 97% of all Americans over age 65 years are Medicare (CMS) eligible, 
CMS claims data provide a potential source of nationwide health data for the 
elderly.21  Hospitalization databases linked to CMS claims data can provide 
datasets used to study long term patient outcomes, quality of care, and health 
care utilization. 9, 10   However, there is seldom complete linkage of all patients in 
a hospitalization database to CMS hospitalization data.11 Inabilities to link a 
particular hospitalization to CMS data can be due to inconsistencies between 
important linking fields in the two datasets (e.g., sex, admission date, date of 
birth).22 Claims for patients enrolled in HMO plans are not well represented in 
CMS data, which contributes to imperfect linkage to CMS hospitalization claims. 
Beneficiary enrollment in HMO plans is increasing, and is currently as high as 
47% in some states.23 As previously published work describing CMS 
hospitalization database linkage projects was conducted either in a population 
with low HMO enrollment11 or with indirect identifiers only,12, 13 the extent and 
affect of HMO enrollment on projects attempting to link hospitalization records to 
CMS data has not been well described. Examination of HMO enrollment and 
patient demographic factors stratified by CMS linkage type (i.e., CMS linked vs. 
unlinked hospitalizations) allows for linkage quality evaluation, and may explain 
why some patient hospitalizations cannot be located in CMS claims data. 
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 We linked a population based dataset of acute stroke hospitalizations from 
the year 2000 Minnesota Stroke Survey (MSS) to CMS hospitalization and 
enrollment claims data. The goals of this work were twofold: first, to accurately 
link as many hospitalization records as possible to CMS data and; second, to 
explain why some patient hospitalizations cannot be located in CMS claims. 
 
B. METHODS 
Study Population 
 Our linkage study included acute stroke hospitalizations for patients age 
65 years and older in the Minnesota Stroke Survey (MSS) year 2000 database. 
The MSS is a population based surveillance of acute stroke hospitalizations for 
patients aged 30 to 84 years in the Minneapolis-St. Paul metropolitan area. 
Patients with the following acute cerebrovascular disease ICD-9 hospitalization 
discharge codes listed in any position were included in MSS: 430 (subarachnoid 
hemorrhage), 431 (intracerebral hemorrhage), 432 (other and unspecified 
intracranial hemorrhage), 434 (occlusion of cerebral arteries), 436 (acute but ill-
defined cerebrovascular disease), and 437 (other and ill-defined cerebrovascular 
disease). Hospital records for all hospitalizations with an acute stroke discharge 
code in the MSS catchment area were validated with clinical criteria after medical 
record abstraction.24-26 
 Some patients included in MSS had multiple acute stroke hospitalizations 
during a calendar year. Thus while each MSS entry corresponds to a unique 
hospitalization, not all entries included in the database are for unique patients. As 
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hospitalizations from Veterans Affairs (VA) hospitals are not included in Medicare 
data, MSS hospitalizations in VA hospitals were excluded from the linkage study. 
The Medicare (CMS) data used for this project included the year 2000 
Denominator (enrollment) and MedPAR (hospitalization) files for the state of 
Minnesota. In addition, we used Minnesota CMS enrollment files for years 2000-
2008 in a supplemental matching step for MSS patients who died between 2000 
and 2008. Where possible, we linked MSS patients to enrollment data first, and 
then attempted to match the specific hospitalization. When patients could not be 
linked to enrollment data, variables associated with the acute stroke 
hospitalization were used to locate the patient in CMS hospitalization claim, 
providing a link between patient and to CMS enrollment data. 
CMS provided link 
MSS patient social security numbers (SSN), birth dates, and gender were 
provided to the CMS. CMS then generated a link to locate MSS patients in 
Medicare data. First, we attempted to link MSS patients to CMS enrollment data. 
Next, the CMS link was used to locate the relevant MSS acute stroke 
hospitalization by locating a hospitalization claim with admission or discharge 
dates (+-7 days) matching the validated acute stroke database.  
Nearest Neighbor Matching 
CMS was unable to provide a valid year 2000 CMS link for all submitted 
MSS patients. In addition, MSS patients with missing data (e.g., missing SSN or 
birth date) were not submitted to CMS. For these patients’ hospitalizations, we 
used indirect identifiers and nearest neighbor matching methods to link MSS 
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acute stroke hospitalizations to Medicare data. We defined nearest neighbor 
matching as combining indirect identifiers from MSS to create a unique match 
and then selecting the closest plausible match in CMS data. This was done 
without replacement (i.e., once a match was made it was removed from the data 
set so multiple MSS patients could not be matched to the same Medicare 
beneficiary or hospitalization claim). The following variables were used to locate 
the hospitalization: Birth date, hospital facility, admission date (+-7 days), hospital 
discharge date (+- 7 days), gender, and age. This matching process was iterative 
and used SAS Institute Inc. version 9.2, (Cary, NC, USA) proc sql. When multiple 
possible matches were located, the closest plausible matching hospitalization 
was selected. The CMS patient ID from the located hospitalization claim was 
then used to link to CMS enrollment data.  
The availability of death dates for MSS patients in the years 2000 through 
2008 allowed us to link patients unable to be matched to CMS data through other 
means to CMS enrollment and hospitalization files with birth and death dates.  
Medicare patients enrolled in a HMO plan (i.e., Part C, Medicare 
Advantage) are not observable in CMS claims data. To determine the proportion 
of MSS patients enrolled in a HMO plan during the year 2000, enrollment data 
were examined for MSS patients linked to CMS data. After examination of linked 
enrollment data, additional steps were taken to locate the CMS hospitalization 
claims for MSS patients known not to be enrolled in a HMO plan during the year 
2000. All year 2000 hospitalization claims for each Medicare beneficiary linked to 
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these MSS patients were extracted and examined for a possible match (i.e., 
hospital match, admit or discharge date match).  
After all possible links were made between MSS hospitalizations and CMS 
data, demographic factors and HMO enrollment status in the year 2000 were 
stratified by type of match and described. Finally, to provide a comparison to 
MSS beneficiary HMO enrollment, CMS beneficiary enrollment in the state of 
Minnesota was examined using CMS enrollment files. All analyses were 
conducted in SAS 9.2 (Cary, NC). 
 
C. RESULTS 
There were 2,766 hospitalizations in the acute stroke database, 
corresponding to 2,598 patients aged 65 years or older at the time of their MSS 
hospitalization. A summary of the types of links made between MSS and CMS 
data are shown in Figure 1. 
CMS provided link 
CMS provided a link for 1,748 (67%) MSS patients. Of these patients, 
1,706 (98%) were enrolled in Medicare during 2000. At least one matching 
hospitalization was located for 1,324 of 1706 (78%). There were 1,797 
hospitalizations in the MSS stroke database corresponding to the 1,706 patients 
linked to CMS enrollment data. Due to multiple acute stroke hospitalizations for 
some MSS patients, a total of 1,340 hospitalizations (corresponding to 1,324 
patients) in the acute stroke database were linked to CMS hospitalization data 
through the CMS provided link.  
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Overall, 1,362 of 1706 (80%) patients with a CMS provided link and 
included in the year 2000 enrollment file were not enrolled in a HMO plan during 
the year. Of MSS patients with a located CMS hospitalization, 1280 of 1324 
(97%) were not enrolled in a HMO plan at any time during the year 2000. When 
examining these data on a hospitalization rather than patient level, the patients 
associated with 1296 of 1340 (97%) hospitalizations were not enrolled in a HMO 
plan at any time during the year 2000.  
There were 366 patients included in the MSS validated database with a 
CMS provided link, but without a located CMS hospitalization. Sixty-six of 366 
(18%) were not enrolled in a HMO plan at any time during the year 2000; 300 of 
366 (82%) were enrolled in a HMO plan at some point during the year 2000. 
When re-matching routines were run on the 366 patients, 10 (3%) more 
patient hospitalizations were found in the MedPAR file with exact matches, thus 
1350 of 1706 (79%) hospitalizations were located (Figure 1). None of these 10 
patients were enrolled in a HMO plan during the year 2000. 
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Figure 2.1. Summary of Minnesota Stroke Survey year 2000 hospitalization (hosp) and 
patient (pat) linkage to Medicare (CMS) enrollment and hospitalization claims data 
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Nearest neighbor matching linkage 
There were 1,018 MSS hospitalizations with no CMS provided link. 
Nearest neighbor matching techniques were used to locate 684 of 1018 (67%) 
hospitalizations in CMS data (n= 561 MSS patients) [Figure 1]. When HMO 
enrollment was examined, 542 of 561 (97%) of the patients associated with these 
located hospitalizations were not enrolled in a HMO during the year 2000. 
Linkage with death dates  
There were 379 MSS patient hospitalizations unable to be linked to CMS 
data with death dates in the years 2000 through 2008. Possible reasons for non-
linkage of these patient hospitalizations were incomplete identifiers (e.g., missing 
SSN) and/or the inability of nearest neighbor matching to find these MSS patients 
in CMS data. As both birth and death dates for patients associated with these 
hospitalization were available, we used these variables to locate a matching 
Medicare enrollee in CMS enrollment data. In the CMS enrollment files for years 
2000 to 2008, a Medicare beneficiary was identified for 268 of 379 (70%) MSS 
stroke hospitalizations using birth date, death date, and sex. When the sex 
matching criteria was relaxed, 1 additional link was made bringing the total 
number of new links up to 269 of 379 (71%). When HMO enrollment was 
examined, 32 of 245 (13%) patients associated with the 269 newly matched MSS 
hospitalizations were not enrolled in an HMO plan during the year 2000. 
No stroke hospitalization claim was located in CMS data for 76 MSS 
patients linked to CMS data and known not to be enrolled in a HMO plan during 
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the year 2000. For these MSS stroke hospitalizations, we examined all linked 
claims from the CMS hospitalization files. 
No hospitalization claim of any kind was found in the year 2000 CMS 
hospitalization claims data for 56 (74%) of MSS hospitalizations. Of the 
remaining 20 unmatched MSS hospitalizations with some type of hospitalization 
in CMS data during the year 2000, 7 (35%) hospitalization claims appeared to 
correspond to the MSS hospitalization (only restricted to matching discharge 
date). No reasonable CMS hospitalization claim was located for the other 13 
(65%) of MSS hospitalizations. 
Summary of MSS to CMS claims data linkage 
Table 1 summarizes the types of MSS to CMS claims data links made 
using the methods outlined above. There were 2,041 (74%) hospitalizations from 
the acute stroke database located in CMS data (Figure 1). Of MSS 
hospitalizations linked to CMS enrollment data (n=2,476), 434 (18%) were 
enrolled in a HMO plan during the year 2000. Of MSS hospitalizations only linked 
to enrollment data (i.e., hospitalization was not located) 366 of 435 (84%) were 
enrolled in a HMO plan during the year 2000. 
HMO enrollment in Minnesota 
     In the state of Minnesota, 9% of all Medicare beneficiaries were enrolled in a 
HMO plan at some point during the year 2000. In the Minneapolis/St. Paul 
metropolitan area 18% of all Medicare beneficiaries were enrolled in a HMO plan 
at some point during the year 2000 
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Table 2.1 Summary of Year 2000 Minnesota Stroke Survey (MSS) to 
Medicare (CMS) enrollment and hospitalization claims data linkage 
Type of linkage MSS 
hospitalizations 
n (%) 
MSS  
patients 
n (%) 
No link found in Medicare Enrollment or 
Hospitalization files 
290 (10%) 286 (11%) 
Linked to Medicare Enrollment and 
Hospitalization 
2041 (74%) 1902 (73%) 
Linked to Medicare Enrollment  through death 
dates, no hospitalization found 
262 (10%) 238 (9%) 
Linked to Medicare Enrollment with a CMS 
provided ID, no hospitalization found 
173 (6%) 172 (7%) 
Total 2,766 2,598 
 
 
 
Demographic factors by type of MSS to CMS linkage 
Table 2 summarizes MSS demographic and enrollment factors stratified 
by type of CMS claims data linkage. Of MSS hospitalizations matched to CMS 
enrollment data only (i.e., no matching CMS hospitalization was located) with a 
CMS ID, 76% were enrolled in a HMO plan during the year 2000. Even higher 
HMO enrollment (89%) was observed in MSS hospitalizations linked to CMS 
data using death dates. Only 3% of MSS patients linked to CMS enrollment and 
hospitalization data were enrolled in an HMO plan at some point during the year 
2000. 
 The patients associated with MSS hospitalizations linked only to CMS 
enrollment data (i.e., no CMS hospitalization located) with a CMS ID were 
younger, less racially diverse than other MSS patients. Patients associated with 
MSS hospitalizations linked only to CMS enrollment data (i.e., no CMS 
hospitalization located) with death dates were older than other MSS patients. 
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Patients associated with MSS hospitalizations unable to be linked to CMS data 
were more racially diverse. MSS patients with hospitalizations linked to both 
CMS enrollment and hospitalization data lived in zip codes with higher median 
incomes levels than other MSS patients. 
 
 
Table 2.2 Minnesota Stroke Survey (MSS) year 2000 hospitalization (hosp) 
demographic and enrollment (enroll) variables stratified by type of 
Medicare (CMS) claims data linkage   
Demographic 
and enrollment 
variables 
 
 
 
 
No Match 
n=290 
N (%) 
Matched to 
CMS Hosp 
and Enroll 
n=2,041 
N (%) 
Matched to 
CMS Enroll 
with death, No 
Hosp 
n=262 
N (%) 
Matched to 
CMS Enroll 
with CMS ID, 
No Hosp. 
n=173 
N (%) 
p-
value 
HMO 
enrollment,  
n (%) 
--  
68  
(3%) 
 
234  
(89%) 
 
132  
(76%) 
<0.001 
Median Age 
(SD) 
77  
(5.5) 
77  
(5.3) 
79 
(5.2) 
74  
(5.4) 
<0.001 
Female, n 
(%) 
163 
(56%) 
1,146 
(56%) 
142  
(54%) 
96  
(55%) 
0.944 
White, n (%) 194 
(67%) 
1,546 
(76%) 
188 
 (72%) 
135  
(78%) 
0.005 
Black, n (%) 11  
(4%) 
58  
(3%) 
5  
(2%) 
5  
(3%) 
0.622 
Other, n (%) 85  
(29%) 
437  
(21%) 
69  
(26%) 
33  
(19%) 
0.006 
Married, n 
(%) 
131 
(45%) 
1,025 
(50%) 
125  
(48%) 
99  
(57%) 
0.075 
Median 
Income 
(STD) 
$50,616 
($14,982) 
$52,127 
($14,180) 
$47,220 
($12,580) 
$47,295 
($13,552) 
<0.001 
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MSS to CMS linkage by hospital 
 
Table 3 stratifies CMS claims data link type by MSS hospital. Percentages 
of MSS hospitalizations without any link to CMS data varied by hospital and 
ranged from 4% for Hospital A to 22% for Hospital N. The percent of MSS 
hospitalizations with a linked CMS hospitalization claim ranged from 54% to 93%; 
however, hospitals with low match rates often had high enrollment in HMO plans. 
 
Table 2.3 Minnesota Stroke Survey (MSS) year 2000 hospitalizations (hosp) 
stratified by hospital and type of Medicare (CMS) claims data linkage  
Hospital 
n=number of  MSS 
hospitalizations 
No Match 
n=290 
 
Matched to 
CMS hosp 
n=2,041 
Matched to CMS 
Enrollment only,  
No hosp located 
n=282 
p-value 
Hospital A, n=267 10 (4%) 208 (78%) 49 (18%) <0.001 
Hospital B, n=78 4 (5%) 68 (87%) 6 (8%)  
Hospital C, n=229 29 (13%) 173 (76%) 27 (11%)  
Hospital D, n=169 14 (8%) 138 (82%) 17 (10%)  
Hospital E, n=176 32 (18%) 96 (54%) 48 (27%)  
Hospital F, n=70 6 (8%) 56 (80%) 8 (12%)  
Hospital G, n=289 22 (8%) 255 (88%) 12 (4%)  
Hospital H, n=381 52 (13%) 236 (62%) 93 (25%)  
Hospital I, n=47 3 (6%) 44 (94%) -  
Hospital J, n=27 7 (26%) 20 (74%) -  
Hospital K, n=28 2 (7%) 26 (93%) -  
Hospital L, n=215 10 (5%) 152 (71%) 53 (24%)  
Hospital M, n=195 14 (7%) 161 (83%) 20 (10%)  
Hospital N, n=211 47 (22%) 121 (57%) 43 (21%)  
Hospital O, n=261 25 (10%) 191 (73%) 45 (30%)  
Hospital P, n=86 8 (9%) 68 (79%) 10 (12%)  
Hospital Q, n=16 1 (6%) 12 (75%) 3 (19%)  
Hospital R, n=21 4 (19%) 16 (76%) 1 (5%)  
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D.  DISCUSSION 
 We linked 90% of MSS hospitalizations to CMS enrollment data and 
located 74% of MSS acute stroke hospitalizations in CMS claims data for MSS 
patients over the age of 65 years. No CMS claim was located for 16% of MSS 
hosp linked to CMS enrollment data; however 84% of these patients were 
enrolled in a HMO plan. A CMS provided link accounted for 61% of MSS 
hospitalizations linked to enrollment or hospitalization claims. Nearest neighbor 
linkage methods accounted for 28% of linked records. The availability of death 
dates in MSS allowed for the linkage of an additional 10% of previously unlinked 
MSS hospitalizations to CMS claims data. The majority of MSS patient 
hospitalizations linked only to CMS enrollment data (i.e., hospitalization could not 
be located) were enrolled in an HMO plan at some point during the year 2000. 
When we examined overall HMO enrollment for all MSS hospitalizations linked to 
CMS data (n=2,476), 18% were enrolled in an HMO plan during the year 2000. 
This percentage is identical to the overall year 2000 Medicare beneficiary HMO 
plan enrollment percent in the Minneapolis/St. Paul metropolitan area. 
Differences between linked and unlinked patients 
 Our data showed important differences between MSS patients linked and 
those who were unable to be linked to CMS data. MSS patients linked to both 
CMS enrollment and hospitalization data lived in zip codes with higher median 
incomes levels than MSS patients unable to be linked to any CMS data or those 
linked only to CMS enrollment data. Patients only linked only to enrollment data 
with a CMS provided link were younger than other MSS patients. Although we 
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did not have the ability to examine employment status, it is possible these 
patients were covered by supplemental or employer based insurance. Patients 
unable to be linked to any CMS data were more racially diverse than other MSS 
patients.  We did not have access to Medicare eligibility in the MSS database, 
but some of these patients may not have been Medicare eligible due to recent 
immigration. Examination of demographic differences between CMS linked and 
unlined patient hospitalizations served two purposes. First, it allows for 
examination of linkage quality while providing possible explanations for why 
some patient hospitalizations cannot be located in CMS claims. Second, it 
provides information about unlinked patients, allowing a more accurate 
description of stroke hospitalization than that provided by the CMS linked dataset 
alone. 
Death date availability 
 The availability of death dates in the MSS added information about those 
MSS patients unable to be linked to CMS claims. While the majority (87%) of 
MSS patients linked to CMS data using death dates were enrolled in a HMO plan 
during the year 2000, linkage of these patients to CMS data explains the lack of 
CMS hospitalization claim. This information enhanced our ability to assess our 
matching algorithms and examine demographic factors associated with HMO 
enrollment. 
Explanations for inability to link to CMS 
 There are several possible explanations for the inability to locate 
hospitalizations for some patients linked to CMS enrollment data. First, 
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hospitalizations for the working aged may not appear in CMS data if the entire 
cost of the hospital stay was covered by a patients’ primary private or employer 
sponsored insurance plan.6 Our data supports this, as MSS patients matched to 
CMS enrollment data with a CMS ID but without a matching hospitalization were 
younger than patients matched to Medicare data in other ways. Second, it is 
possible that hospitalizations which crossed years (December 2000-January 
2001) may have been missed in the 2000 CMS hospitalization claims files. For 
these patients it is possible that their hospitalization was not included in the CMS 
year 2000 hospitalization data.  
In addition to the reasons outlined above, other factors such as coding 
errors, HMO plan enrollment, Medicare eligibility, and hospitalization in a VA 
hospital did not allow us to match 11% of MSS patients to CMS enrollment data. 
Our data suggests coding practices may differ by hospital. These differences, 
combined with coding errors in the acute hospital database or in CMS data 
contributed to matching difficulty. Medical care provided to patients enrolled in 
HMO plans is paid through a single payment, no encounter level bills are 
generated and patients are seldom included in CMS hospitalization claims data. 
Additionally, 2-3% of those ≥65 years in the United States did not work the 
necessary 40 quarters to be eligible for Medicare and claims from these patients 
would not be included in Medicare data. 7  
The group of MSS patients unable to be matched to CMS data was more 
racially diverse than other MSS patients. Demographic trends in the MSS 
population catchment area imply that this group may contain more recent 
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immigrants, ineligible for Medicare. Eligibility may play a role in the inability to 
locate CMS enrollment data for these patients. Direct examination of CMS 
eligibility for MSS patients not matched to CMS data is not possible with our 
current dataset. Lastly, patients receiving care in VA hospitals are not included in 
Medicare data because they are not paid through the CMS claims system. To 
mitigate this, we eliminated the single VA hospital included in MSS from the 
linkage project. 
Hammill11 outlines many other reasons why hospitalization records may 
not match a Medicare claim for the same hospitalization. For example, when 
beneficiary sex is missing, ‘female’ is assigned to such beneficiaries. Also, a 
single Medicare claim may represent two distinct hospital stays if the patient was 
readmitted on the same day he or she was discharged for a diagnosis in the 
same diagnosis related group.22  Another reason for discrepancies between 
databases is that the admission date in a database may indicate the date of 
arrival to an emergency department, not the actual admission date which is 
captured in hospitalization claims data. Finally, data entry errors or other 
inconsistencies between MSS and CMS on fields such as date of birth could 
make linkage between the two databases challenging.  
Context 
While some other linkage projects have reported higher percentage of 
patients linked to CMS data, there were key differences between our study and 
previous studies. 11, 13, 27 First, our linkage project was hindered by the high 
percentage of MSS patients enrolled in a HMO plan. Eighteen percent of MSS 
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hospitalizations linked to CMS enrollment data were enrolled in a HMO plan at 
some point during the year 2000. Second, our acute stroke database included all 
hospitalizations with certain ICD-9 codes in the catchment area of the 
Minneapolis/St. Paul metropolitan area during the year 2000. While MSS 
includes many patient details, MSS data are derived from hospitalization records. 
Any errors in the hospitalization record would transfer to MSS, which in turn 
could hinder a CMS linkage project. In addition, the main intent of MSS data was 
not ease of linkage to CMS data, and some hospitals were missing important 
identifiers (e.g., social security numbers) which impeded our linkage project. 
Summary 
Our study demonstrates the ability to link a high percentage of acute 
stroke hospitalizations to CMS data through a combination of CMS provided 
links, nearest neighbor methods, and death dates. We also show that 
examination of CMS enrollment data provides information not only about the 
completeness of the linkage itself, but also context for future studies using the 
linked CMS dataset. For example,  we found that unlinked patients were more 
racially diverse than linked MSS patients and that patients only linked to 
enrollment data with a CMS provided link were younger than other patients. 
Discovering and pursuing data missing from the CMS linked dataset places our 
research more clearly in demographic context.  The availability of death dates 
enhanced our ability to link patients in our acute stroke database to CMS data. 
Studies which include death dates could use these variables to enhance their 
CMS linkage projects. Subsequently, linkage to CMS data provides an excellent 
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opportunity to track patients over time and allow for observation of both long and 
short term patient outcomes. However, the validity of studies conducted with 
hospitalization datasets linked to CMS data is partially determined by linkage 
completeness and quality. As HMO enrollment is increasing over time, careful 
evaluation of linkage accuracy and patient characteristics associated with non-
linkage is prudent.  
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Chapter 3. Validation of the Medicare Chronic Conditions 
Warehouse Stroke Definition Using an Acute Stroke 
Hospitalization Discharge Database 
 
A. INTRODUCTION 
Stroke is a leading cause of hospital admission among the elderly28 and 
places a large economic cost to US medical system through Medicare. While 
Medicare claims are generated for billing purposes, they provide a potential 
source of nationwide stroke data which can be used to study long term 
outcomes, quality of care, and healthcare utilization.9, 10 However, accuracy of 
stroke diagnosis codes in administrative claims database has varied widely when 
compared to clinical stroke definitions.16 There is currently no validated algorithm 
to accurately identify acute stroke patients in Medicare claims data. To assist 
with extraction of clinical stroke cohorts from Medicare data for research 
purposes, the Centers for Medicare and Medicaid Services (CMS) Chronic 
Conditions Warehouse (CCW) created a stroke algorithm relying on ICD-9 codes 
available in Medicare claims data.14, 15 The CCW stroke algorithm uses 
hospitalization, outpatient, and physician claims to determine if a beneficiary had 
a stroke in a given year.  While the validity of the CCW stroke algorithm is 
unknown, the CCW stroke definition is broadly designed, intending to capture as 
many stroke cases as possible. Ultimately, its purpose is to allow researchers to 
request data extractions based on the CCW stroke definition, and then refine 
specifications to fit their own specific data needs. Currently no papers were 
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identified in PubMed using the CCW stroke definition. Validation of the CCW 
stroke algorithm may increase its use. 
To determine the validity of the CCW stroke definition for identification of 
acute stroke hospitalizations, we linked a population-based validated acute 
stroke hospitalization database to Medicare claims data and compared stroke 
validated stroke definition to the CCW stroke definition. 
B. METHODS 
Overall Study Design 
We conducted a validation study by linking patients aged 65 to 84 years in 
the Minnesota Stroke Survey (MSS) year 2000 database to Medicare claims 
data. We compared the CCW stroke definition in Medicare data to validated 
acute stroke hospitalizations meeting clinical and neuroimaging criteria in the 
MSS.  
MSS Description 
The MSS is a population-based surveillance database of acute stroke 
hospitalizations in the Minneapolis/Saint Paul metropolitan area. This 
surveillance database captured all patients up to age 84 years hospitalized for 
acute stroke with an acute stroke discharge code. Patients with the following 
acute cerebrovascular disease ICD-9 hospitalization discharge codes listed in 
any position were included in MSS: 431 (intracerebral hemorrhage), 432 (other 
and unspecified intracranial hemorrhage), 434 (occlusion of cerebral arteries), 
436 (acute but ill-defined cerebrovascular disease), and 437 (other and ill-defined 
cerebrovascular disease). Patients discharged with a diagnosis of subarachnoid 
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hemorrhage (ICD-9 code 430), were included in MSS but were excluded from 
this study. In the year 2000, hospital records for all hospitalizations with an acute 
stroke discharge code in the MSS catchment area were abstracted by trained 
nurses.  
MSS employs several definitions of stroke. Some definitions use only ICD-
9 diagnostic codes, while others use clinical information or neuroimaging 
information. For this study we focused on an ICD-9 based stroke definition. More 
details about the MSS are published elsewhere.24-26 To ensure that MSS stroke 
definitions and CCW stroke definitions were consistent and comparable at the 
patient level, we created patient level variables for those with multiple MSS 
hospitalizations. We compared the CCW stroke definition in Medicare claims 
data to validated acute stroke in MSS. The MSS definition we examined was 
acute stroke ICD-9 code in any position in the MSS hospital discharge record.  
Medicare Claims Data Description 
 The Chronic Conditions Warehouse (CCW) provides a stroke definition to 
researchers in the Beneficiary Annual Summary File (BASF). The provided CCW 
stroke definition is calculated using Medicare claims available in hospitalization 
(MedPAR) physician (Carrier), and hospital outpatient (Outpatient) claims files. 
The CCW stroke definition is : At least 1 inpatient claim or 2 hospital outpatient or 
physician claims with the following codes during a specific 1 year period: 430.xx 
(subarachnoid hemorrhage),431.xx (intracerebral hemorrhage), 434.00 (Cerebral 
thrombosis), 434.01 (Thrombosis of cerebral arteries), 434.11 (Cerebral 
embolism), 434.90 (Cerebral artery occlusion, unspecified), 434.91(Cerebral 
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artery occlusion, unspecified), 436.xx (Acute, but ill-defined, cerebrovascular 
disease), 435.0 (Transient cerebral ischemia [TIA] Basilar artery syndrome), 
435.1 (TIA, Vertebral artery syndrome), 435.8 (TIA, Other specified transient 
cerebral ischemias), 435.9 (TIA, Unspecified transient cerebral ischemia), 997.02 
(Iatrogenic cerebrovascular infarction or hemorrhage) in any diagnosis position 
on the claim. The qualifying claim is excluded if any of the following criteria are 
met: 
-Any diagnosis code on the claim is greater than or equal to 800 and less 
than or equal to 800.9 (Fracture of vault of skull). 
- Any diagnosis code on the claim is greater than or equal to 850 and less 
than or equal to 854.1 (Intracranial injury of other and unspecified nature, 
with open intracranial wound). 
-V57.xx (Care involving use of rehabilitation procedures) is listed as the 
principal diagnosis code 
The purpose of the CCW stroke definition is to identify beneficiaries who 
had a stroke during a calendar year. The CCW stroke definition also includes TIA 
ICD-9 codes which are not included in MSS. To mitigate the discrepancies 
between MSS stroke definitions and CCW stroke definitions, we calculated the 
CCW stroke definition ourselves using ICD-9 codes included in both definitions 
(Table 3.2).Three CCW stroke definitions were examined: 1) CCW stroke as 
defined by BASF files; 2) CCW stroke as defined by hospitalization claims data; 
3) CCW stroke as defined by hospitalization and physician claims data. We used 
year 2000 claims data to calculate all CCW stroke definitions. A comparison of 
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the ICD-9 codes included in the MSS and the CCW definitions of stroke are 
found in tables 3.1 and 3.2.  
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Table 3.1 Minnesota Stroke Survey (MSS) acute stroke 
definitions and the Chronic Conditions Warehouse stroke (CCW) definitions 
used in validation of CCW stroke 
 
Gold standard 
MSS stroke definitions* 
Comparison 
CCW Stroke Definitions** 
Broad 
definition 
Details Description Broad 
definition 
Details Description 
MSS  
Acute stroke 
discharge 
code in any 
position 
-ICD-9 code 
431, 432, 434, 
436, 437 
-Ages 65-84 
Years 
ICD-9 code among 
hospital discharge 
diagnoses 
CCW 
Stroke  
defined by 
BASF file 
1 inpatient or 2 hospital 
outpatient or physician 
claims in 1 year: ICD-9 
430.xx, 431.xx, 434.00, 
434.0, 434.11, 434.90, 
434.91, 435.0, 435.1, 
435.3, 435.8, 435.9, 
436.xx, 997.02 in any 
position** 
CCW provided a 
file defining 
which 
beneficiaries 
had a stroke 
claims code in 
the year 2000 
   CCW 
Stroke  
calculated 
using 
hospitalization 
claims 
Same as above, except 
using only hospital 
claims and the following 
ICD-9 codes: 431.xx, 
434.00, 434.0, 434.11, 
434.90, 434.91, 436.xx** 
 
 
 
 CCW 
Stroke  
calculated 
using 
hospitalization 
claims 
Same as above, except 
using only hospital and 
physician claims and the 
following ICD-9 codes: 
431.xx, 434.00, 434.0, 
434.11, 434.90, 434.91, 
436.xx** 
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*MSS stroke= Patients discharged with a diagnosis of subarachnoid hemorrhage (ICD-9 code 430) or transient cerebral ischemia (ICD-9 code 
435), were not included.  
 
** CCW stroke=At least 1 inpatient claim or 2 hospital outpatient or physician claims with the above ICD-9 codes during a specific 1 year period. 
The claim is excluded if any of the qualifying claims meet the following: a)Any diagnosis code on the claim is greater than or equal to 800 and less 
than or equal to 800.9 (Fracture of vault of skull).b)Any diagnosis code on the claim is greater than or equal to 850 and less than or equal to 854.1 
(Intracranial injury of other and unspecified nature, with open intracranial wound).c)V57.xx (Care involving use of rehabilitation procedures) is 
listed as the principal diagnosis code 
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Table 3.2 Comparison of ICD-9 codes included in the Minnesota Stroke 
Survey (MSS) and the Medicare Chronic Conditions Warehouse (CCW) stroke 
definition 
ICD-9 codes MSS Stroke definition: 
Acute stroke discharge 
ICD-9 in any position* 
CCW  
stroke definition** 
431.XX X X 
432.XX X 
 
434.XX X 
 
434.00, 434.01, 434.11, 
434.90, 434.91 
X X 
435.0, 435.1 435.3, 435.8, 
435.9 
 
X 
436.XX X X 
437.XX X 
 
997.02 
 
X 
* CCW stroke=At least 1 inpatient claim or 2 hospital outpatient or physician claims with the 
above ICD-9 codes during a specific 1 year period. If any of the qualifying claims meet the 
following the claim is excluded: a)Any diagnosis code on the claim is greater than or equal to 800 
and less than or equal to 800.9 (Fracture of vault of skull).b)Any diagnosis code on the claim is 
greater than or equal to 850 and less than or equal to 854.1 (Intracranial injury of other and 
unspecified nature, with open intracranial wound).c)V57.xx (Care involving use of rehabilitation 
procedures) is listed as the principal diagnosis code 
 
**MSS stroke= Patients discharged with a diagnosis of subarachnoid hemorrhage (ICD-9 code 
430) or transient cerebral ischemia (ICD-9 code 435), were not included.  
 
Linkage of MSS data to Medicare claims data 
The MSS database was restricted to patients aged 65 years and older at 
the time of their acute stroke hospitalization. In order to make a fair comparison 
between the CCW stroke definition and MSS stroke definitions, we also restricted 
the MSS database to the same diagnosis ICD-9 codes included in the CCW 
stroke definition. The ICD-9 codes included in both the MSS database and the 
CCW definition of stroke are as follows: 431.xx, 434.00, 434.01, 434.11, 434.90, 
434.91, 436.xx. MSS patients were linked directly through a link provided by the 
CMS and also through use methods described elsewhere and in the previous 
chapter.11  For MSS patients without a CMS provided link, we used 
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hospitalization location, hospital admission and discharge dates, birth date, 
gender, age, and death date to locate each MSS patient and their acute stroke 
hospitalization in Medicare claims data. Since we were interested in sensitivity 
and positive predictive value (identifying stroke cases) as well as specificity and 
negative predictive value (rejecting non-stroke cases) we included non-stroke 
hospitalizations pertaining to Medicare beneficiaries in the dataset for this study. 
As the MSS was population based, non-stroke hospitalizations were 
hospitalizations in MSS hospitals which were not included in the MSS acute 
stroke database (i.e., hospitalizations not included in the MSS database did not 
have MSS acute stroke ICD-9 codes in the hospitalization records). There were 
some MSS patients for which CMS provided a link but the appropriate stroke 
hospitalization was unable to be found in Medicare data. In order to prevent 
potential contamination of the non-stroke group, these patients were removed for 
the purposes of this validation study. 
Data Analysis 
Baseline characteristics of linked MSS stroke and non-stroke patients 
were compared using the chi-square test for categorical variables and the t-test 
or Wilcoxon rank sum test for continuous variables. Gold standard definitions of 
stroke were defined by the MSS year 2000 database (Table 1).  
The MSS gold standard stroke definition was defined by acute stroke 
discharge code in any position in MSS. The CCW stroke definitions were: 1) 
CCW stroke definition defined by BASF; 2) CCW stroke definition calculated with 
hospitalization claims; 3) CCW stroke definition calculated with hospitalization 
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and physician claims. The gold standard was always MSS stroke definitions, and 
CCW stroke definitions were the comparison. 
Sensitivity, specificity, positive predictive value and negative predictive 
value were calculated for each CCW stroke definition. As 17 hospital discharge 
codes were used in the MSS to identify acute stroke hospitalizations but only 9 
are available in Medicare claims, we conducted a sensitivity analysis by 
restricting MSS to hospitalizations with an acute stroke discharge code to the first 
nine positions of the hospitalization record. Bar graphs were used to describe the 
performance of the CCW stroke definition as compared to MSS stroke 
definitions.  
Data management and analyses were accomplished with SAS software 
version 9.2 (SAS institute, Inc.; Cary, North Carolina). 
 
C. RESULTS 
 
Linkage  
 
There were a total of 1,775 MSS patients age 65 to 84 years at the time of 
their acute stroke hospitalization with a CCW stroke definition code in any 
position of their MSS hospitalization discharge record (Figure 3.1). 
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Figure 3.1 Description of Minnesota Stroke Survey (MSS) patients 
linked to CMS claims data meeting the CCW stroke definition in MSS 
 
 
Of these MSS patients, 1,693 (95%) were linked to Medicare enrollment data and 
1,347 (76%) were linked to both enrollment and hospitalization data (i.e., their 
stroke hospitalization was located). Of MSS patients not linked to both enrollment 
and hospitalization data (n=418), 336 (80%) were located in Medicare enrollment 
data and had evidence of enrollment in an HMO plan at some point during the 
year 2000. After excluding Medicare linked MSS patients without a linked 
Medicare stroke hospitalization (n=336), there were 36,032 patients age 65 to 84 
not included in the MSS database which were hospitalized in the MSS catchment 
area during the year 2000. These patients were defined as ‘non-stroke’ for the 
gold standard stroke definitions.  
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Table 3.3 shows a comparison of demographic characteristics in ‘stroke’ 
and ‘non-stroke’ patients. MSS patients were older, were slightly more racially 
diverse, had higher HMO plan enrollment rates and lived in higher median 
income neighborhoods than non-stroke patients.  
Table 3.3 Baseline characteristics of the Medicare linked Minnesota Stroke 
Survey (MSS) patients and non-stroke patients in the MSS catchment area* 
  
MSS 
stroke 
patients 
MSS 
non-stroke 
patients p -value 
  N=1,347 N=36,032  
Age (SD) 76 (5.3) 74 (5.5) <0.001 
Sex (%) 759 (56%) 19,901 (55%) 0.418 
Median Income by Zip-code 
(SD) 
$51,885  
($13,881) 
$50,614 
($14,180) <0.001 
Race    
White (%) 1,266 (94%) 34,620 (96%) <0.001 
Black (%) 45 (3%) 757 (2%)  
Other (%) 36 (3%) 655 (2%)  
Enrollment in an HMO plan 
during the year 2000 46 (3%) 678 (2%) <0.001 
*Stroke/non-stroke status is defined by gold standard MSS. Only MSS patients aged 65 to 
84 years meeting the Chronic Conditions Warehouse stroke definition are shown. 
 
 
 
Chronic Conditions Warehouse (CCW) stroke definition calculation 
 
CCW Stroke Definition provided by Medicare BASF file (Table 3.4). There 
were 1,331 (98.8%) MSS patients meeting the CCW stroke definition in both the 
CMS BASF year 2000 file and MSS year 2000 data; there were 16 (1.2%) MSS 
patients with a CCW stroke hospital discharge ICD-9 code in MSS data not 
meeting the CCW definition in the BASF file. In addition, there were 2,941 (8.2%) 
non-stroke patients defined as meeting the CCW stroke definition in the BASF 
file. When the MSS was restricted to those with a CCW stroke code in the first 
nine positions of their hospital discharge record, sensitivity of the BASF provided 
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CCW stroke definition improved from 98.8% to 99.1% while specificity remained 
at 91.8% in both comparisons  
CCW stroke calculated with Medicare hospitalization claims (Table 3.4). 
There were 1,309 (97.1%) MSS patients meeting the CCW stroke definition in 
both Medicare hospitalization claims data and MSS data; there were 38 (2.8%) 
MSS patients with a CCW stroke ICD-9 hospital discharge code in MSS data 
who did not meet the CCW stroke definition Medicare hospitalization claims. 
Additionally, 376 (1.0%) non-stroke patients met the CCW stroke definition in 
Medicare hospitalization claims. Similar results were found when MSS was 
restricted to those with a CCW stroke code in the first nine positions of the 
hospitalization discharge record. Sensitivity improved from 97.1% to 97.9% when 
the MSS was restricted to those with a CCW stroke code in the first nine MSS 
hospitalization discharge positions, while specificity remained the same at 99.0% 
in both comparisons. 
CCW stroke calculated with Medicare hospitalization and physician claims 
(Table 3.4). There were1,316 (97.7%) MSS patients meeting the CCW stroke 
definition in both CMS hospitalization and physician claims and MSS data; there 
were also 31 (2.3%) MSS patients with a CCW stroke code in MSS data that did 
not meet the CCW stroke definition in Medicare hospitalization or physician 
claims. Additionally, 736 (2.0%) non-stroke patients in MSS data met the CCW 
stroke definition in Medicare claims. Sensitivity improved from 97.7% to 98.2% 
when the MSS was restricted to those with a CCW stroke code in the first nine 
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MSS hospital discharge positions, while specificity remained the same at 98.0% 
in both comparisons. 
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Table 3.4  Validity of the Medicare Chronic Conditions Warehouse (CCW) stroke definition as compared to  
the Minnesota Stroke Survey (MSS)  
 
Sensitivity=SEN, Specificity=SPEC, Positive Predictive Value=PPV, 
Negative Predictive Value=NPV, KAP=Kappa statistic 
CCW  
Definition 
Description 
MSS CCW 
stroke=Yes, 
CCW stroke 
in CMS=Yes 
MSS CCW 
stroke=Yes, 
CCW stroke 
in CMS=No 
MSS CCW 
stroke=No, 
CCW stroke 
in CMS=Yes 
MSS CCW 
stroke=No, 
CCW stroke 
in CMS=No 
 
SEN 
 
SPEC 
 
PPV 
 
NPV 
 
KAP 
a) CCW stroke 
definition provided 
by BASF 
1,331 16 2,941 33,091 98.8% 91.8% 31.2% 99.9% 0.44 
b) CCW stroke 
definition calculated 
with hospitalization 
claims 
1,309 38 376 35,656 97.1% 99.0% 77.7% 99.9% 0.86 
c) CCW stroke 
definition calculated 
with hospitalization 
and physician 
claims  
1,316 31 736 35,296 97.7% 98.0% 64.1% 99.9% 0.76 
 
**Gold Standard= Minnesota Stroke Survey (MSS) validated hospitalizations (Hospital discharge ICD-9 codes: 431.xx, 434.00, 
434.01, 434.11, 434.90, 434.91, 436.xx) 
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Check of CCW stroke definition provided by Medicare (BASF)  
 
In order to check of the CCW stroke definition provided by in the BASF, 
we compared it to our calculated CCW stroke definitions (i.e., CCW stroke 
calculated with Medicare hospitalization claims only, CCW stroke calculated with 
Medicare hospitalization and physician claims). When the CCW stroke definition 
in the BASF was compared to our calculated CCW stroke definitions some 
discrepancies were noted. There were 31 patients with at least 1 Medicare 
hospitalization claim or 2 physician claims meeting the CCW stroke definition that 
were labeled as not meeting the CCW stroke definition according to the Medicare 
BASF file. These claims were pulled and manually reviewed; indeed, 3 had at 
least 1 hospitalization claim meeting the CCW stroke definition and 28 had at 
least 2 physician claims meeting the CCW stroke definition during the year 2000. 
The CCW BASF file stroke definition also uses hospital outpatient claims to 
calculate the CCW stroke definition of stroke in the BASF file14 and includes TIA 
and stroke ICD-9 codes not included in MSS data. Thus, calculated definitions of 
the CCW stroke definition were more applicable to this validation study. 
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Table 3.5 Performance of the Chronic Conditions Warehouse (CCW) stroke 
definition as compared to the Minnesota Stroke Survey gold standard 
Sensitivity=(SEN), specificity=(SPEC), positive predictive value=(PPV), and 
negative predictive value=(NPV) 
Gold Standard CCW Comparison SEN SPEC PPV NPV 
Stroke ICD-9 in any 
position 
(Using 17 MSS 
discharge codes) 
Provided CCW Beneficiary 
Annual Summary File (BASF) 
stroke definition 
98.8% 91.8% 31.2% 99.9% 
CCW hospital claims 97.1% 99.0% 77.7% 99.9% 
CCW stroke by hospital and 
physician claims 
97.7% 98.0% 64.1% 99.9% 
Stroke ICD-9 in any 
position (Using 9 
MSS discharge 
codes) 
Provided CCW BASF stroke 
definition 
99.1% 91.8% 30.9% 99.9% 
CCW hospital claims 97.9% 99.0% 77.5% 99.9% 
CCW stroke by hospital and 
physician claims 
98.1% 98.0% 63.9% 99.9% 
 
D. DISCUSSION 
Although sensitivity and specificity were high when the CCW stroke 
definition was compared to validated stroke cases in MSS, we observed many 
false positives. The number of non-stroke patients which met the CCW stroke 
definition in CMS claims data (i.e., false positives) increased when both 
hospitalization and physician claims were used to define CCW stroke. The high 
number of false positives we observed when comparing validated hospitalized 
acute stroke patients to the CCW algorithm may limit the algorithms utility. 
Studies attempting to accurately identify hospitalized acute stroke patients in 
CMS claims data may need additional criteria to limit the number of falsely 
labeled study subjects. However, the CCW definition’s high negative predictive 
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value may be useful to researchers attempting to rule out stroke for Medicare 
beneficiaries within a specific 1-year timeframe. 
There are valid reasons for the false positives and discrepancies 
between datasets we observed when comparing the CCW stroke definition to 
validated acute stroke definitions. First, the CCW stroke definition is designed to 
identify patients with a stroke within the 12 month calendar year. Thus, non-
hospitalized stroke patients are included in the CCW stroke definition. Stroke 
survivors hospitalized for stroke in previous years may also be detected with this 
definition. Approximately 8.1% of Americans age 65 and older report a history of 
stroke (i.e., prevalent stroke),29 and this percentage is remarkably similar to the 
percent of non-stroke patients meeting the CCW stroke definition in 
hospitalization and physician claims data (8.2%) in our study. Second, 
discrepancies between Medicare and MSS a data may be introduced because a 
single Medicare claim can represent two distinct hospital stays if the patient was 
readmitted on the same day he or she was discharged for a diagnosis in the 
same diagnosis related group.11  Third, discrepancies between databases may 
because the admission date in a database may indicate the date of arrival to an 
emergency department which may differ from the admission date in claims 
data.11 Finally, data entry errors or other inconsistencies between MSS and CMS 
could create discrepancies. While explanations for the false positives we 
observed in our study exist, they do not diminish the problems they pose to 
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studies using the CCW stroke definition to accurately identify acute stroke 
hospitalizations in CMS data.   
When the CCW stroke definition was compared to validated MSS stroke 
definitions, specificity was high at 99% and sensitivity was 97% when only CMS 
hospitalization claims defined CCW stroke. Sensitivity improved to 98% and 
specificity decreased to 98% when both CMS hospitalization and physician 
claims were used to define CCW stroke. While our results are not directly 
comparable to other stroke validation studies (i.e., none have examined CCW 
stroke)30-35, some studies attempting to validate acute stroke hospitalizations in 
administrative data have found ICD-9 codes to be inaccurate when compared to 
medical records5, 32, while others have reported that utilizing different patterns of 
ICD-9 codes yields various levels of sensitivity and specificity.30, 33, 34 Goldstein 
examined a stroke definition with some of the diagnosis codes which were 
included in the CCW stroke definition (434.11, 434.91, 436) and found that 15% 
to 20% of patients with the indicated primary ICD-9 codes in administrative data 
had conditions other than acute ischemic stroke.36  Our study adds to this body of 
literature by directly comparing the CMS CCW stroke algorithm to clinical 
definitions and defining its strengths (e.g., high negative predictive value) and 
limitations (e.g., low positive predictive value) in the identification of acute 
hospitalized stroke patients.  
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The utility of the CCW stroke definition is determined by both its strengths 
and limitations, and should be applied according to the research goal. High 
sensitivity and specificity of CCW allows researchers to identify hospitalized 
acute stroke patients. Thus, researchers could also use the CCW stroke 
definition to draw a sample of cases hospitalized for acute stroke in a given year. 
However, the relatively high rate of false positives requires researchers to 
make specific refinements pertinent to their research question to compensate for 
this limitation. The CCW stroke definition may therefore not be useful for 
activities such as stroke surveillance in isolation. With increased use of the CCW 
stroke definition, researchers will likely develop the specific refinement criteria 
needed to minimize false positives and increase the utility of this research tool. 
High NPV of the CCW stroke definition allows for identification of non-stroke 
patients. If the research goal is to identify a patient cohort without an acute stroke 
hospitalization, false positives are less of an issue. In such cases, the CCW 
definition could be used to exclude cases with an acute stroke hospitalization 
within a specific one year time period.  The linkage of a validated acute stroke 
hospitalization database to CMS data is a distinguishing strength of this project. 
The clinical histories of patients included in the validated data are known and 
provide valuable information about acute stroke hospitalizations when linked 
CMS data. CMS provides comprehensive databases of administrative data with 
records of health services utilized by enrollees. As approximately 97% of 
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Americans over the age 65 are enrolled in Medicare Part A21 and the majority of 
strokes occur in adults over the age of 65 years,37 Medicare is an excellent 
source for hospitalized stroke data and our validation study provides information 
about the utility of different stroke definitions and claim types for identification of 
acute hospitalized stroke cases in Medicare data. Moreover, the MSS is 
population based and included all acute stroke hospitalizations in the catchment 
area during the study period. Its comprehensive nature and the inclusion of 
hospital identifiers allows for the deduction of stroke status of patients not 
included in the MSS database. This allowed us to estimate specificity as well as 
sensitivity for the CCW definition of stroke as compared to various MSS stroke 
definitions. 
Several potential limitations merit consideration. First, some patients 
included in the validated database were unable to be linked to their specific CMS 
stroke hospitalization (often due to enrollment in an HMO plan), which may 
contribute to contamination of the non-stroke group. To mitigate this, all MSS 
patients with a CMS link but without a located CMS stroke hospitalization were 
removed from the non-stroke group. Second, although CCW stroke definition 
includes TIA and stroke ICD-9 codes, our validated acute stroke database 
included only stroke ICD-9 codes. Thus we restricted our study to ICD-9 codes 
included in both MSS and the CCW stroke definitions and are unable to evaluate 
the CCW stroke definition’s ability to detect TIA. Third, the CCW stroke algorithm 
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was intended to identify Medicare beneficiaries who had a stroke during a 
calendar year while MSS identifies specific acute stroke hospitalizations. We 
attempted to mitigate this discrepancy by creating patient level stroke definitions 
in MSS data, but physician visit data are not included in MSS. Thus, our study 
only can draw conclusions about hospitalized acute stroke patients. Fourth, while 
17 diagnosis codes exist in MSS only nine exist in CMS hospitalization claims 
data. This truncation of diagnosis codes may create artificial discrepancies 
between the validated database and CMS data. To address this, we examined 
stroke as defined by all 17 positions in the MSS database and also restricting it to 
the first 9 positions and found similar results. Finally, measurement error may 
contribute to incomplete data in the MSS. As stroke cases were identified from 
lists of discharge diagnoses provided by specific acute care hospitals, those 
stroke cases not coded with a stroke diagnosis code would not have been 
included in the MSS. Consequently, it is possible some patients hospitalized for 
stroke during the study period from the study catchment areas were not captured 
in the MSS.  
We have two recommendations for researchers. First, we recommend 
calculating the CCW stroke definition with CMS claims data rather than relying 
solely on the BASF file. Second, when using CMS claims data to calculate the 
CCW stroke definition, use of hospitalization claims alone will have slightly lower 
sensitivities but higher specificities and positive predictive values than use of 
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physician claims data. In conclusion, development of algorithms which accurately 
identify acute hospitalized stroke hospitalizations in CMS data while maximizing 
positive predictive value is needed. 
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Chapter 4. Algorithms for Identification of Acute Stroke Hospitalizations in 
Medicare Data  
A. INTRODUCTION 
Stroke is currently estimated to be the fourth1 leading cause of death and 
is a major cause of long term disability in the United States.2 Greater than 65% of 
strokes occur in individuals over 65 years of age.3 This population is Medicare 
(CMS) eligible. As a result, their billing claims provide a potential source of 
nationwide stroke data.4-8 However, a key limitation of research conducted with 
CMS claims data is the accuracy of stroke diagnosis codes in administrative 
claims data, which has varied widely when compared to clinical stroke 
definitions.16, 30-32, 34-36, 38 A systematic review of the validity of stroke identification 
algorithms in administrative data further confirmed this variability; stroke 
confirmation criteria has not been consistent across studies, important metrics 
such as sensitivity and specificity often were not reported, and neuroimaging 
information was seldom used.16 Specifically, no validated algorithm currently 
exists to identify acute stroke hospitalizations for patients meeting clinical and 
neuroimaging criteria in CMS data. 
To address this research gap, we linked a validated, population-based, 
acute stroke hospitalization database to CMS hospitalization claims data. We 
used this linked database containing validated clinical stroke hospitalizations 
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meeting neuroimaging and clinical criteria, to develop and test algorithms to 
identify acute stroke hospitalizations in CMS data. 
B. METHODS 
Study population 
We linked hospitalizations for patients aged 65 to 84 years in the 
Minnesota Stroke Survey (MSS) year 2000 database to CMS claims data and 
used these linked data to develop and test stroke identification algorithms. The 
MSS is a population-based surveillance database of acute stroke hospitalizations 
in the Minneapolis/Saint Paul metropolitan area. Stroke cases were identified 
from lists of discharge diagnoses provided by all acute care hospitals serving the 
metropolitan area. Hospitalized acute stroke patients up to age 84 years with an 
acute stroke discharge code in their hospital record were included in MSS and 
their hospitalizations were validated using clinical and neuroimaging criteria. 
Patients with the following acute cerebrovascular disease ICD-9 hospitalization 
discharge codes listed in any position were included in MSS: 431 (intracerebral 
hemorrhage), 432 (other and unspecified intracranial hemorrhage), 434 
(occlusion of cerebral arteries), 436 (acute but ill-defined cerebrovascular 
disease), and 437 (other and ill-defined cerebrovascular disease). Patients 
discharged with a diagnosis of subarachnoid hemorrhage (ICD-9 code 430)were 
excluded from this study. Patients with transient cerebral ischemia (ICD-9 code 
435), were not included.  
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Stroke definitions in MSS 
MSS employs several definitions of stroke, some definitions use only 
hospital discharge codes, while others use clinical or neuroimaging criteria. MSS 
stroke definitions are hierarchical; all acute stroke hospitalizations in MSS have 
an acute stroke discharge code (ICD-9 code 431, 432, 434, 436, 437) in their 
hospitalization record, data from these hospitalizations were extracted by trained 
staff and neuroimaging reports were abstracted using a trained physician 
reviewer. More details about the MSS are published elsewhere.24-26 We used the 
following stroke definitions: 1) Acute stroke discharge code in any position (DS): 
cases aged 65 to 84 years with at least 1 acute cerebrovascular disease 
discharge code (ICD-9 code 431, 432, 434, 436, 437) listed among hospital 
discharge diagnoses; 2) neuroimaging stroke definition (NS): cases aged 65 to 
84 years with at least 1 of the above acute cerebrovascular disease ICD-9 code 
listed among hospital discharge diagnoses and identified as experiencing 
definite, probable or possible acute strokes by neuroimaging; 3) Stroke defined 
by the World Health Organization (WHO) stroke definition  (WHO): cases aged 
65 to 74 years with at least 1 of the above acute cerebrovascular disease ICD-9 
codes listed among hospital discharge diagnoses and meeting the WHO criteria 
for acute stroke: a new neurological deficit of presumed vascular origin lasting at 
least 24 hours or until death if death occurred within 24 hours with exclusion of  
non-stroke etiologies such as tumors and subdural hematomas. For the WHO 
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stroke definition, validation by MSS staff occurred only for cases aged 65 to 74 
years. Thus cases aged 75-84 years meeting the WHO stroke definition in MSS 
were excluded from WHO stroke algorithm development. 
Linkage of MSS data to CMS claims data 
MSS patients were linked to CMS data in sequential steps.  
1) MSS patients were directly through a unique link provided by the CMS 
(based on SSN, date of birth, and sex) and also through use methods 
described elsewhere.11   
2) For MSS patients without a CMS provided link, we used hospitalization 
location, hospital admission and discharge dates, birth date, sex, age, 
and death date to locate each MSS patient and their acute stroke 
hospitalization claim in year 2000 CMS claims data.  
3) As the MSS was population based, hospitalizations in the MSS 
catchment area which were not included in the MSS acute stroke 
database (i.e., hospitalizations in a MSS hospital during the year 2000 
not included in the MSS database and without an acute stroke ICD-9 
codes in the original hospitalization records) were defined as non-
stroke hospitalizations.  
Only MSS hospitalizations which were able to be linked to CMS claims data were 
included in this study (e.g., hospitalizations for patients enrolled in an HMO plan 
were not included). There were some MSS patients with a valid CMS provided 
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link, but without a located stroke hospitalization in CMS data. In order to prevent 
contamination of the non-stroke group, these patients were removed from the 
MSS to CMS linked database for the purposes of this validation study. The final 
dataset (hereafter referred to as the MSS-CMS linked database) thus included all 
CMS hospitalization claims in the MSS catchment area and linked MSS acute 
stroke hospitalization data (Figure 1). Linkage was conducted with SAS software 
version 9.2, (Cary, NC).  
Algorithm development-training and test sets 
The MSS-CMS linked database was used to create training and test 
datasets to develop and test acute stroke identification algorithms in CMS data 
(Figure 1). First, a sampling database was created by including all MSS-CMS 
linked hospitalizations and taking simple random sample of 5% all non-stroke 
claims included in the MSS-CMS linked database (N). Next, the sampling 
database was randomly split into a training data set (2/3) for algorithm 
development and a test data set (1/3) to replicate the results of the algorithm. For 
each MSS stroke definition, 2/3 of the hospitalizations were allocated to the 
training set and 1/3 were allocated to the validation set. Baseline characteristics 
stroke and non-stroke patients (defined by the particular MSS stroke definition) 
were compared using the chi-square test for categorical variables and the t-test 
or Wilcoxon rank sum test for continuous variables. 
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Figure 4.1. Overview of Minnesota Stroke Survey (MSS) linkage to CMS 
data  
 
 
 
 
 
 
Data analysis 
Construction of algorithms 
A series of data variables from CMS data were selected to distinguish 
between stroke and non-stroke hospitalizations. Input variables were defined 
from variables associated with CMS hospitalization claims and demographic 
characteristics. Hospitalization variables were defined using the year 2000 CMS 
MedPAR (hospitalization) file; demographic variables were defined using year 
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2000 CMS Denominator (enrollment) files. Variables used in algorithm 
construction included the following: age, sex, race, hospitalization diagnosis 
codes, surgical procedure codes, diagnosis related group codes, magnetic 
resonance imaging (MRI) charges, speech therapy charges, physical therapy 
charges, occupational therapy charges, emergency room charges, hospital 
discharge destination, number of ward days, number of private room days, and 
length of stay.  
We used classification and regression tree (CART) models,39 to develop 
acute stroke hospitalization identification algorithms. CART is a nonparametric 
classification method based on recursive partitioning. Data are split into classes 
called leaves (i.e., disease present or absent). For each training set, CART builds 
a classification tree and chooses the tree size based on cross-validation 
accuracy on this training set. The topmost variable in a CART decision tree is 
called the root or parent node. The test set is used to evaluate accuracy of the 
chosen tree. The CART framework was selected because it’s a well-known 
classification model used in previous clinical studies and can detect both linear 
and non linear relationships among variables. A model building overview is 
provided in Figure 2. R software package rpart, version 3.1-46 was used to build 
and test CART models; rpart uses 10-fold cross validation to choose the optimal 
tree size.40  
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We created one acute stroke hospitalization identification algorithm for 
each type of MSS stroke hospitalization (DS, NS, and WHO). All variables 
described above were supplied to the learning algorithm. Specific acute stroke 
codes were also categorized into binary values (e.g., 434.XX=1 or 434.XX=0). 
Acute stroke diagnosis codes specifically examined included the following: 
431.XX, 432.XX, 434.XX, 436.XX, 437.XX. 
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Evaluation of developed algorithms 
Developed algorithms were evaluated in three steps. First, algorithms for 
identification of stroke hospitalizations meeting each stroke definition (i.e., DS, 
NS, WHO) were created using the training datasets previously described; second 
the performance of the algorithms was assessed with test data. Finally, the 
developed algorithm was tested using all claims in the MSS catchment area. 
Metrics such as sensitivity and specificity were used as performance measures 
for the predictive models; the gold standard was the MSS acute stroke 
hospitalization designation (e.g., hospitalization meets/does not meet WHO or 
neuroimaging criteria in MSS).  Metrics such as positive predictive value and 
negative predictive value are best estimated for the entire population under 
study. However, we included these metrics for training and test data in order to 
observe changes in NPV and PPV when developed CART algorithms were 
applied to the entire MSS catchment area. Discriminative performance was 
assessed using the area under the receiver operative characteristic, which is 
equivalent to the c-statistic for binary outcomes. Calibration, or prediction error, 
was assessed using the Brier score41 which ranges from zero to one. A lower 
score indicates better model calibration. MSS vs. CMS concordance was 
evaluated using Cohen’s kappa statistic. 
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RESULTS 
There was a total of 1,957 MSS stroke hospitalizations linked to CMS data 
for patients aged 65 to 84 years and 760 for patients aged 65 to 74 years. There 
were 45,923 CMS hospitalization claims for patients aged 65 to 84 years and 
22,520 CMS hospitalization claims for patients aged 65 to 74 years in the MSS 
catchment area during the year 2000. 
Figure 4.3 Minnesota Stroke Survey (MSS) sample used to develop and test 
algorithms for identification of acute stroke hospitalizations in Medicare 
(CMS) data. 
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Stroke defined by an acute stroke hospitalization discharge code (DS) - sample 
 There were 1,957 MSS stroke hospitalizations for patients aged 65 to 84 
years with an acute stroke hospitalization discharge code (DS) in any position of 
their hospitalization record. All stroke hospitalizations (n=1,957) were included in 
the study dataset, and an additional 5% sample of CMS non-stroke 
hospitalization claims were sampled (n=2,200). Thus the total sample used for 
algorithm training and testing was 1,957 hospitalizations meeting the DS stroke 
definition and 2,200 hospitalizations not meeting the DS stroke definition (Figure 
3). Patients with hospitalizations meeting the DS definition were older (median, 
77 versus 75 years; p<0.001) than patients with hospitalizations not meeting the 
DS definition (Table 1). 
Stroke defined by neuroimaging criteria (NS) - sample  
There were 1,013 (52%) MSS stroke hospitalizations for patients aged 65 
to 84 years who met the neuroimaging criteria for stroke. All stroke 
hospitalizations (n=1,957) were included in the study dataset, and an additional 
5% sample of CMS non-stroke hospitalization claims were sampled (n=2,200). 
Thus the total sample available for algorithm training and testing was 1,013 
stroke hospitalizations meeting the NS definition and 3,144 sampled 
hospitalizations defined as not meeting the NS definition (Figure 3). Patients with 
hospitalizations meeting the NS definition were older (median, 77 versus 75 
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years; p<0.001) than patients with hospitalizations not meeting the NS definition 
(Table 1). 
Stroke defined by WHO (WHO) criteria - sample 
For the WHO, 464 (61%) MSS stroke hospitalizations for patients aged 65 
to 74 years met the WHO stroke definition. All MSS stroke hospitalizations 
(n=760) were included in the study dataset. An additional 5% sample of non-
stroke hospitalizations were sampled (n=1,088). Thus the total sample used for 
algorithm training and testing was 464 hospitalizations meeting the WHO 
definition and 1,384 hospitalizations not meeting the WHO definition (Figure 3). 
Patients with hospitalizations meeting the WHO definition were older (median, 71 
versus 70 years; p<0.001) than patients with hospitalizations not meeting the 
WHO definition (Table 1). 
Table 4.1. Baseline characteristics of sampled Minnesota Stroke Survey (MSS) 
patients associated with CMS linked stroke hospitalizations  
Acute stroke hospital discharge (DS) in any position [ICD-9 431,432,434,436,437]. 
 
Meets DS= Yes 
N=1,957 
Meets DS= No 
N=2,200 p 
Median age (SD) 77 (5.3) 75 (5.6) <0.001 
Female (%) 1,100 (56%) 1,263 (57%) 0.435 
Median Income by Zip-code (SD) $52,127 ($14,202) $52,128 ($14,171) 0.814 
Race   0.300 
White (%) 1,835 (94%) 2,087 (95%)  
Black (%) 67 (3%) 64 (3%)  
Other (%) 55 (2%) 49 (2%)  
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Algorithms 
Stroke defined by an acute stroke hospitalization discharge code (DS) - algorithm 
Of the three algorithms developed, the algorithm developed to identify DS 
hospitalizations in CMS hospitalization claims data had the best overall 
performance with a SEN of 93%, a SPE of 97% and a PPV of 96% in the training 
data. We observed high discriminative performance as shown by an AUC of 0.95 
[95% Confidence Interval (CI), 0.94 to 0.96] and Brier score of 0.05. While 
discriminative performance decreased when the algorithm was applied to test 
data (AUC=0.94, 95% CI, 0.92 to 0.95; Brier score=0.06), performance remained 
high. While variables selected by CART to distinguish stroke/non-stroke 
Acute stroke hospitalization  meeting neuroimaging criteria (NS) 
 
Meets NS= Yes 
N=1,013 
Meets NS= No 
N=3,144 
p 
Median age (SD) 77 (5.3) 75 (5.4) <0.001 
Female (%) 570 (56%) 1,793 (57%) 0.670 
Median Income by Zip-code (SD) $51,885 ($14,170) $52,128 ($14,206) 0.510 
Race    
White (%) 949 (94%) 2973 (95%) 0.571 
Black (%) 36 (3%) 95 (3%)  
Other (%) 28 (3%) 76 (2%)  
Acute stroke hospitalization meeting clinical criteria (CS) 
 
Meets WHO= Yes 
N=464 
Meets WHO= No 
N=1,384 
p 
Median age (SD) 71 (2.8) 70 (2.9) <0.001 
Female (%) 242 (52%) 725 (52%) 0.932 
Median Income by Zip-code (SD) $50,616 ($14,340) $53,297 ($14,461) 0.149 
Race    
White (%) 421 (91%) 1284 (93%) 0.360 
Black (%) 24 (5%) 58 (4%)  
Other (%) 19 (4%) 42 (3%)  
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hospitalization claims differed by the specific stroke definition examined, all 
developed algorithms selected the variable diagnostic group code as the primary 
node. Variables selected by the algorithm to distinguish between DS and non-DS 
hospitalization claims included: diagnosis related group codes, hospital discharge 
codes 437.XX, 434.XX, and 436.XX in any position of hospitalization record 
(Figure 4). Specific diagnosis related group codes selected by the algorithm are 
presented in appendix table a1.  
After algorithm training and testing was completed, the developed DS 
algorithm was implemented on all claims in the MSS catchment area for patients 
aged 65 to 84 years (n=45,953). Sensitivity, specificity and negative predictive 
value remained high (SEN=92%, SPE=94%, NPV=94%), but PPV decreased to 
42%. Discriminative performance as measured by the AUC and Brier score also 
remained high (AUC=0.93, Brier Score=0.03). 
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Table 4.2  Performance of Classification and Regression (CART) algorithms developed to identify acute 
stroke hospitalizations in Medicare (CMS) data for cases: A) with an acute stroke hospital discharge code in 
any position (431,432,434,436,437), B) meeting neuroimaging criteria (NS)** 
 and C) meeting World Health Organization stroke definition (WHO)*** 
 
Input variables 
 
Training/ 
test set 
SEN
* 
SPE
* 
PPV
* 
NPV
*  
Kap* AUC* 
(95% CI*) 
Brier Score 
A) Acute stroke hospital discharge code in any position (DS) 
                  [ICD-9 431.xx, 432.xx, 434.xx, 436.xx, or  437.xx] 
Input variables: 
Diagnosis related group; 
ICD-9  434.XX any 
position; ICD-9   436.XX 
any position; ICD-9  
437.XX any position  
Training 
set 
93% 97% 96% 94% 0.897 0.948 
(0.939-0.956) 
0.048 
Test  
Set 
90% 96% 95% 92% 0.864 0.937  
(0.924-0.950) 
0.058 
Full MSS  
data 
92% 94% 42% 94% 0.548 0.932 
(0.926-0.938) 
0.026 
B) Stroke meeting neuroimaging criteria (NS) 
Diagnosis related group; 
occupational therapy 
Training 
set 
91% 91% 76% 97% 0.769 0.910 
(0.898-0.922) 
0.074 
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charges; physical therapy 
charges; hospital 
discharge destination; 
private room days; ICD-9  
434.XX any position; ICD-
9 431.XX any position 
Test  
set 
86% 90% 74% 95% 0.718 0.878 
(0.858-0.899) 
0.088 
Full 
MSS 
data 
89% 98% 48% 98% 0.612 0.935 
(0.920-0.951) 
0.011 
C) Stroke meeting WHO stroke definition (WHO) 
Diagnosis related group; 
surgical procedure codes;  
MRI charges; ICD-9 
436.XX first position; ICD-
9  434.XX any position 
Training 
set 
88% 95% 86% 96% 0.823 0.915 
(0.896-0.935) 
0.061 
Test  
set 
91% 95% 87% 97% 0.851 0.932 
(0.908-0.957) 
0.052 
Full 
MSS 
data 
89% 98% 46% 98% 0.596 0.934 
(0.920-0.948) 
0.012 
*Abbreviations: Sensitivity=SEN; Specificity=SPE; Positive Predictive Value=PPV; Negative Predictive 
 Value=NPV; KAP=Kappa statistic; Area Under the Receiver Operator Characteristics Curve (AUC);  
CI=Confidence Interval 
**WHO= Meets World Health Organization (WHO) Stroke definition) in MSS (Ages 65-74 years) 
         ***NS= Identified as experiencing definite, probable or possible acute strokes by neuroimaging in MSS  
            (Ages 65-84) 
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Figure 4.4 CART tree to identify Medicare (CMS) acute stroke hospitalizations for cases aged 65 to 84 years with 
an acute stroke hospitalization discharge code [ICD-9 431,432,434,436,437] in any position of their hospital 
record- training data 
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Stroke defined by neuroimaging criteria (NS)-algorithm 
Of the three algorithms developed, the algorithm developed to identify NS 
hospitalizations in CMS hospitalization claims data had the poorest overall 
discriminative performance. NS algorithm performance as measured by AUC 
was 0.91 (95% CI, 0.90 to 0.92) when the developed algorithm was applied to 
the training data and the Brier score was 0.07. For the training data, the NS 
algorithm SEN was 91%, SPE was 91%, PPV was 76% and NPV was 97%. 
When the newly developed algorithm was applied to NS test data, all metrics 
decreased; SEN decreased to 86%, SPE decreased to 90%, PPV was 74% and 
NPV was 95%. The test data AUC decreased to 0.88 (95% CI, 0.86 to 0.90) and 
the Brier score increased to 0.09, indicating poorer algorithm calibration in the 
test data than in the training data. 
Variables selected by the CART algorithm to identify NS hospitalization 
claims differed from the variables selected to identify DS hospitalization claims. 
Variables specifically, included in the DS algorithm were: diagnosis related group 
codes, surgical procedure codes, hospital diagnosis code 434.XX in any position 
of hospitalization record, hospital diagnosis code 436.XX in first position of 
hospitalization record, and MRI charges (Figure 5). Specific diagnosis related 
group codes selected by the algorithm are presented in appendix table A1. 
After algorithm training and testing was completed, the developed NS 
algorithm was applied to all claims in the MSS catchment area for patients aged 
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65 to 84 years (n=45,953). Sensitivity, specificity and negative predictive value 
remained high (SEN=89%, SPE=98%, NPV=98%), but PPV decreased to 48%. 
Discriminative performance as measured by the AUC and Brier score also 
remained high (AUC=0.94, Brier Score=0.01). 
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Figure 4.5 CART tree to identify Medicare (CMS) acute stroke hospitalizations for cases aged 65 to 84 years 
meeting neuroimaging criteria (NS) - training data 
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Stroke defined by the World Health Organization stroke definition (WHO) - 
algorithm 
The algorithm developed to identify WHO hospitalizations in CMS data 
had higher discriminative performance than the algorithm developed to identify 
NS hospitalizations. However the age range of patients used in constructing the 
WHO algorithm (age 65 to 74 years) was also narrower. Algorithm performance 
as measured by AUC in the WHO training data was 0.92 (95% CI, 0.90 to 0.94) 
and the Brier score was 0.06. When the algorithm was examined in WHO training 
data SEN was 88%, SPE was 95%, PPV was 86% and NPV was 96%. 
Performance of the WHO algorithm was even better when evaluated with test 
data; SEN was 91%, SPE was 95%, PPV was 87% and NPV was 97%. The AUC 
for WHO test data increased 0.93 (95% CI, 0.91 to 0.96) and the Brier score 
decreased to 0.05, indicating good calibration in the test data. 
Although the CART algorithm selected a number of variables to identify 
WHO hospitalization claims, the selected variables differed from those selected 
to identify NS hospitalization claims. Selected variables for the WHO algorithm 
included: diagnosis related group codes, occupational therapy charges, physical 
therapy charges, number of private room days, hospital discharge status (i.e., 
discharged dead or alive), hospital diagnosis code 434.XX in any position of 
hospitalization record, hospital diagnosis code 431.XX in any position of 
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hospitalization record, and MRI charges (Figure 6). Specific diagnosis related 
group codes selected by the algorithm are presented in appendix table A1. 
After algorithm training and testing was completed, the developed WHO 
algorithm was applied to all claims in the MSS catchment area for patients aged 
65 to 74 years (n=22,520). Sensitivity, specificity and negative predictive value 
remained high (SEN=89%, SPE=98%, NPV=98%), but PPV decreased to 46%. 
Algorithm performance as measured by the AUC and Brier score also remained 
high (AUC=0.93, Brier Score=0.01)
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Figure 4.6 CART tree to identify Medicare (CMS) acute stroke hospitalizations for cases aged 65 to 74 meeting the 
World Health Organization stroke definition (WHO)-training data 
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DISCUSSION 
             We developed and tested algorithms to identify acute stroke 
hospitalizations in CMS claims data using a CMS-linked validated acute stroke 
hospitalization database. Of the three algorithms we developed and tested using 
CART models, the one with the best discriminative performance identifies 
hospitalizations for cases with an acute stroke hospitalization discharge code in 
any position of the hospital record (DS) in CMS hospitalization claims data 
(Training data: SEN=93%, SPE=97%, PPV=96%, NPV=94%, AUC=0.95). 
Discriminative performance was also high for the algorithm developed to identify 
hospitalizations for cases meeting the World Health Organization definition of 
stroke (WHO) (Training data: SEN=88%, SPE=95%, PPV=86%, NPV=96%, 
AUC=0.92). Discriminative performance was poorest for the algorithm developed 
to identify hospitalizations for cases meeting specific neuroimaging (NS) criteria 
(Training data: SEN=91%, SPE=91%, PPV=76%, NPV=97%, AUC=0.91); PPV 
of the NS algorithm was at least 10% lower than other developed algorithms. 
However, CART trees for all algorithms developed to identify acute stroke 
hospitalizations in CMS claims data performed well in both training and test data, 
indicating the trees may perform similarly on other datasets. 
             Although the CMS data variables selected by the CART algorithm to 
identify acute stroke hospitalizations differed by stroke definition, all algorithms 
developed for this study use the CMS data variable ‘diagnosis-related group 
code’ as the first node. Acute stroke hospitalization discharge codes were also 
selected in all three algorithms, and the DS algorithm used only diagnosis-related 
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group code and acute stroke hospitalization discharge codes. As hospital 
discharge codes exist as a variable in both MSS and CMS data, and the DS 
stroke definition is based on hospital discharge codes, we expected to develop 
an algorithm with high discriminative performance for the DS stroke definition. 
Due to the hierarchical structure of the MSS, all MSS hospitalizations meeting 
WHO and NS definitions also met the DS stroke definition. In contrast, we 
expected a lower discriminative performance for algorithms developed to identify 
WHO and NS in CMS data since WHO and NS stroke definitions are based on 
specific clinical and neuroimaging criteria which cannot be directly observed in 
CMS data.  
             Differences in both algorithm performance and selected variables may 
reflect true differences between hospitalizations meeting WHO and NS stroke 
definitions. The algorithm developed to identify WHO hospitalizations reflects the 
clinical definition of stroke by using variables such as physical and occupational 
therapy charges to identify WHO hospitalizations. Conversely, algorithms 
developed to identify NS hospitalizations reflect charges for neuroimaging (i.e., 
MRI charges). Such imaging is a necessary component of NS case identification. 
The sensitivity of neuroimaging in acute stroke identification may explain the NS 
algorithm’s relatively poor performance when compared to the WHO algorithm. 
While the patients associated with many MSS hospitalizations met both NS and 
WHO criteria, approximately 14% of the patients aged 65 to 74 years associated 
with NS hospitalizations did not meet WHO criteria in MSS.  The ability of 
neuroimaging tests to identify strokes in both patients who meet the WHO 
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definition and those who do not may increase variability in hospitalization claims 
for patients meeting the NS definition. This variability may make it more difficult 
to distinguish between NS and non-NS hospitalizations in CMS claims data. 
When developed CART algorithms were applied to all claims in the MSS 
catchment area, discriminative performance remained high (AUC > 0.90) but 
PPV fell from between 74% and 96% to between 42% and 48%. This 
discrepancy is partially due to the large size of the CMS dataset. It is unlikely that 
any developed algorithm can achieve perfect discrimination between stroke and 
non-stroke cases in CMS claims data. Even a low total error rate of 2%, will 
contribute to large number of false positives in a population with 40,000 claims. 
In addition, only approximately 2% of the cases in our dataset are acute stroke 
hospitalization cases. Many standard classification algorithms perform best when 
cases in both classes are equally distributed. In our dataset, the majority of the 
cases are non-stroke cases. For rare class classification problems, methods 
such as cost sensitive learning42, 43 or on one-class classification44 may help 
decrease the number of false positives we observed when applying our CART 
algorithms. However, these approaches are not without cost. Discriminative 
performance can decrease with these methods and error rates can increase. 
Consideration of the literature addressing rare class classification problems and 
algorithm improvement goals should be conducted for future research. 
There are several specific challenges to developing algorithms to identify 
acute stroke hospitalizations in CMS data. First, only a small proportion of the 
Medicare eligible population experiences an acute stroke hospitalization in a 
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given year. Although we achieved a SPE of 97% and a PPV of 96% for 
identification of DS hospitalizations in CMS data, PPV quickly decreased to 86% 
when we achieved a SPE 95% for the WHO identification algorithm. The 
challenge in achieving high SPE is due in large part to the fact that procedures 
and diagnostics (e.g., MRI) used during an acute stroke hospitalization can also 
be used for other types of hospitalizations, and acute stroke diagnosis codes 
have varying performance in administrative data.16 Second, while algorithms for 
identification of other chronic conditions often use multiple sources of CMS data 
(physician, hospitalization, pharmaceutical) to increase algorithm performance45-
48
, the high prevalence of stroke in the Medicare eligible population adds to the 
complexity of specific event detection. Given that approximately 8% of Americans 
age 65 and older report a history of stroke (i.e., stroke in other years),29 we opted 
to use only CMS hospitalization claims for algorithm development in order to 
minimize prevalent event detection. However, it is possible that variables in other 
CMS data sources (i.e., outpatient data) could enhance acute stroke 
hospitalization identification algorithms. In addition, focus on the case 
characteristics misclassified by our algorithms could help us learn how to 
improve algorithm performance. Despite these specific challenges, the 
algorithms we developed for identification of DS, NS, and WHO had good 
discriminative performance as measured by the AUC (range, 0.88-0.95) in 
training and test data. 
 
             Previously published algorithms for identification of acute stroke 
hospitalizations have varied greatly in their case type, have not use variables 
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other than diagnosis codes in administrative data, and have not been conducted 
with CMS data.16 A strength of our study is the development of algorithms to 
identify acute stroke hospitalizations for cases meeting clinical and neuroimaging 
criteria. Clinical histories of patients included in the validated MSS database are 
known and provide valuable information about acute stroke hospitalizations when 
linked CMS data. Moreover, the MSS is population-based and included all acute 
stroke hospitalizations in the catchment area during the study period. Its 
comprehensive scope and the inclusion of hospital identifiers allows for the 
deduction of stroke status of hospitalizations not included in the MSS database. 
This allowed us to estimate specificity as well as sensitivity for the newly 
developed algorithms. 
There are several weaknesses of our study. First, the MSS includes only 
acute stroke hospitalizations occurring in the Minneapolis/Saint Paul metropolitan 
area. Thus it is possible that the algorithms we have developed may not 
generalize well to other populations. However, we attempted to mitigate this 
during the algorithm development process using unseen test data to evaluate 
developed algorithms. Second, it is unknown how well these algorithms will 
perform on more recent CMS data as our study only examined acute stroke 
hospitalizations during the year 2000. Coding practices may change over time 
and algorithms shown here may need to be adjusted to perform well on more 
recent datasets. Third, algorithms we developed to identify acute stroke 
hospitalizations meeting clinical criteria used hospitalization data for patients 
aged 65 to 74 years at the time of their acute stroke hospitalization. It is unknown 
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if the discriminative performance for the WHO algorithms demonstrated in our 
study will be applicable to a broader age range. Finally, sensitivity did not reach 
90% for all developed algorithms. The moderate overall performance of the NS 
algorithm in particular may limit its utility for examining population measures such 
as incidence of acute stroke hospitalizations meeting NS criteria in CMS data. 
In conclusion, while the acute stroke hospitalization identification models 
presented in this study require further evaluation in larger, more diverse 
populations, these models can provide a base for future research. Future 
research could consider using other machine learning algorithms besides CART, 
or supplementing CMS hospitalization data with other types of claims data in 
order to develop acute stroke hospitalization identification algorithms with 
improved discriminative performance. Development and testing of algorithms to 
identify specific stroke subtypes (e.g., ischemic or hemorrhagic stroke) would 
also be valuable. Continuing focus on increasing the accuracy of acute stroke 
hospitalization identification algorithms may allow CMS claims data to be used 
more effectively for stroke epidemiology and health services research.  
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Chapter 5:  Conceptual and Statistical Frameworks 
The prior chapters described the studies conducted to satisfy each of the 
three study aims. In this chapter we will describe conceptual and statistical 
frameworks we used to form the concept of this validation and algorithm 
development study 
A. Conceptual Framework 
 This project’s overarching goal is learn how to identify acute stroke 
hospitalizations in Medicare data. Medicare data are designed to measure and 
bill for health services utilization, not to determine a specific medical diagnosis. 
Our project validated existing stroke definitions in Medicare health care utilization 
databases. Thus, a theoretical framework for medical care utilization assisted in 
the conceptualization of the project. 
The theoretical framework for medical care utilization developed by 
Andersen and Newman18 is the most common framework used for modeling 
health care use. (Figure 5.1) This framework provides a model of how societal 
determinants, health services systems, individual determinants and predisposing 
service utilization may intervene in heath service utilization which may in turn 
influence patient outcomes. Examination of this model is helpful because it 
clearly defines elements which may be of use in attempts to learn which 
variables in administrative datasets (which are often a function of health service 
utilization) are associated with a particular clinical diagnosis (i.e. stroke). A 
detailed examination of each element of the conceptual framework as it applies 
to our project follows. 
  
79 
 
 
 Figure 5.1 Andersen Newman Framework for Viewing Health Services 
Utilization 
Societal Determinants
Technology Norms Resources Organization
Health Services System
Individual Determinants
Predisposing 
Enabling 
Illness Level
Health Services Utilization
Type* 
Purpose** 
Unit of Analysis***
*Type- Hospital, Physician, Drugs, Dentist Nursing home, Other
**Purpose- Primary care Secondary care Tertiary care Custodial care
***Unit of analysis- Contact, Volume, Episode
 
 
 Societal and health care system factors are conditions largely beyond 
individual control and include technology, shared norms and the organization of 
the health system and its resources. This environment is not stagnant and can 
change the path an individual takes through the health care system which may 
affect the care received during a stroke hospitalization. For example, 
technological advances in imaging technology may affect practice norms and 
societal expectations. These norms and expectations may in turn affect the 
services rendered during an acute care stay for stroke. While few measures of 
societal and health care system factors exist in Medicare data, one such 
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available factor includes enrollment in managed care plans. While other societal 
and health care system factors may be important determinants of health care 
utilization by stroke patients (e.g., neuroimaging trends and stroke), few specific 
variables exist to examine these factors directly in Medicare data. 
Individual determinants predispose or enable an individual to utilize health 
services. These individual factors exist regardless of whether or not the individual 
has a specific need for seeking services and are broken into three pieces, 
predisposing, enabling, and illness level. Predisposing factors include 
demographic characteristics (e.g., age, gender), prior illnesses which may affect 
care seeking behavior (e.g., prior stroke), and attitudes affecting heath care 
usage. Enabling characteristics include factors which are associated with access 
to health services such as measures of individual and family resources (e.g., 
income, insurance status) and community characteristics (e.g.,availability of 
providers). These factors are important measures of health care utilization and 
also often associated with health in general.  Illness level factors are those which 
include perceived and evaluated disease. For example, patients with more 
severe illness/symptoms may be more likely to utilize health services than those 
with less severe illness/symptoms. 
Health care utilization is divided into three categories including type, 
purpose, and unit of analysis and the researcher must decide which categories 
are of interest. Type of care is a function of the category of care provided. For 
example, a hospital admission and a physician visit are two different types of 
care. In our case, we are interested in stroke hospital admissions. Purpose of 
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care is divided into preventative care (primary), treatment of a specific condition 
in order to return an individual to a ‘normal’ state of health (secondary), 
stabilization of long-term irreversible conditions such as diabetes (tertiary), and 
providing for the personal needs of the patient without efforts to treat the 
underlying condition (custodial). For our work, we are interested in secondary 
care. Secondary care is less affected by the individual predisposing and enabling 
characteristics than is primary care as secondary care is often driven by illness 
level (i.e. those with severe illness are often those who seek or are referred to 
secondary care). Finally, the unit of analysis depends on what exactly the 
researcher is interested in. For example, we are interested in a particular episode 
of care, acute stroke hospitalization, and all of the services provided which may 
identify an acute stroke hospitalization. This differs from being interested in the 
number of services provided (volume) or whether or not contact with a primary 
care physician was made within a particular timeframe. In summary, our research 
question concerns hospital care as type of admission, secondary care as 
purpose of care, and episode of care as the unit of analysis. 
Below we will summarize the Andersen Newman framework for utilization 
of care in terms of our research question. Types of health care utilization in 
stroke patients are influenced by societal determinants and technology norms. 
For example, use of neuroimaging in stroke patients is common and has 
increased over time. Health care system changes such as the introduction of 
managed care plans in Medicare and increased adoption of such plans over time 
affects our particular research question because researchers cannot observe 
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services provided for stroke hospitalizations of those Medicare eligible patients 
enrolled in managed care. Of individual determinants of health care utilization, 
the predisposing factors of age, race, gender and co-morbid conditions may be 
important. Age, race and gender are variables available in Medicare data. While 
a variable for co-morbidities is not directly available there are algorithms which 
can be applied to calculate co-morbidities from administrative data.49-51 
Available individual enabling factors of interest include median income by 
zip code which can be derived from combining Medicare data with census 
data.49, 52  As median income by zip code is an indicator of SES, it may influence 
services rendered and likely predicts illness severity (those of low SES generally 
are at risk for severe health complications of many kinds). Our indicator of SES 
(i.e. median income by zip code) may have a weaker association with health care 
utilization when controlling for illness severity, as hospitalization insurance is 
provided to all Americans over the age of 65 years. While age, race, sex, and 
median income by zip code can be derived from Medicare data, the main 
individual determinant for acute stroke patients is illness level. Acute stroke is a 
severe illness and therefore service utilization is less responsive to other 
immediate individual factors than it is to severe illness. This is not to say that 
other factors are unimportant in health services utilization, but they may be less 
important than illness severity when examining an acute stroke hospitalization. 
(Figure 5.2) 
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Figure 5.2. Variables in Medicare data important to acute stroke hospitalization 
using the Andersen Newman framework for viewing health services utilization 
Societal Determinants
Technology Norms Resources Organization
Health Services System
Individual Determinants
Predisposing
Enabling 
Illness Level
Health Services Utilization
Type* 
Purpose** 
Unit of Analysis***
*Type- Hospital
**Purpose- Secondary care
***Unit of analysis- Episode
-Imaging technology 
improvements
-Campaigns to recognize signs 
and symptoms of stroke may 
bring patients in earlier providing 
early treatment options
-Availability of Managed Care
-Enabling: Median income by zipcode
may influence services rendered as an 
indicator of SES. It likely predicts 
illness severity (those of low SES 
generally are at risk for severe health 
complications of many kinds). Thus it 
may predict services rendered as well 
as those with severe illness may be in 
need of more services.  It is likely less 
predictive of health care utilization 
when controlling for illness severity, 
as hospitalization insurance is 
provided to all Americans over
the age of 65 years.
Main Individual Determinant for 
acute stroke patients is
Illness level
-Stroke is severe and therefore 
service utilization is less 
respondent to other individual 
factors.
-Age, race, and predisposing co-
morbid conditions may influence 
illness level which may influence 
health care utilization
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 Now that a conceptual model examining factors associated with health 
services utilization has been examined, we will now focus on the particular 
variables (many of which are direct measures of health services utilization) that 
may be associated with acute stroke hospitalization. 
 A1. Relevant measures of health care utilization in Medicare data  
 Diagnosis codes, while not a direct measure of health care utilization, are 
elements of administrative datasets which may be associated with acute stroke 
hospitalizations. There are up to nine diagnostic codes per episode of care. 
Specifically, the following codes are ones that have been used by the Minnesota 
Stroke Survey as markers for acute stroke hospitalization: 431 (intracerebral 
hemorrhage), 432 (other and unspecified intracranial hemorrhage), 434 
(occlusion of cerebral arteries), 436 (acute but ill defined cerebrovascular 
disease), 437 (other and ill defined cerebrovascular disease).53 Generally in 
administrative data, the primary diagnostic code is the principal reason for the 
hospitalization. However, we found algorithms examining all diagnostic codes 
and other variables to be useful to this project. 
 Procedure codes are a direct measure of health care utilization Medicare 
hospitalization databases include up to 6 fields for procedure codes per episode 
of care. Examples of procedure codes that may be associated with acute stroke 
hospitalization could include those for carotid endarterectomy (38.1), 
endovascular coil embolization (39.72, 39.74), craniotomy (01.2X), and drainage 
of intracerebral hematoma (01.39).  
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 Charge variables are a common measure of amount of health care 
utilization and there are numerous charge variables in Medicare data which may 
be associated with acute stroke hospitalization. Specifically variables which 
measure consumption of diagnostic services may be associated with acute 
stroke hospitalization. Such variables include: Charges for MRI, Charges for CT 
scans, Physical Therapy Charges, Occupational Therapy Charges, Speech 
therapy Charges, and Radiology Charges. 
 Length of stay and types of length of stay may also be associated with 
acute stroke hospitalization. Specifically, the following variables may be 
associated with acute stroke hospitalization: Ward length of stay, intensive care 
length of stay, and general length of stay. 
 Finally, discharge destination may be associated with acute stroke 
hospitalization. Every Medicare hospitalization record has a field for discharge 
destination. Possibly relevant options for this variable include discharged dead, 
discharged to a skilled nursing facility, discharged to rehabilitation services, and 
discharged home. 
 Above variables that may be associated with acute stroke hospitalization 
were outlined, however, this list is not meant to be exclusive. There are 
numerous variables in Medicare data that may be helpful in detecting acute 
stroke hospitalizations and distinguishing stroke subtypes.  
 The outlined conceptual framework and potential health services utilization 
variables in Medicare data are tools for conceptualizing and viewing the major 
factors involved in health services utilization used in development of algorithms 
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to accurately identify acute stroke hospitalizations in Medicare data. This 
framework also provided a basis for considering our statistical framework and 
analytical plan. 
 B. Statistical Framework 
 B1. Overview  
 The primary focus of this dissertation is the validation of acute stroke 
hospitalizations in Medicare data. This was conducted through the linkage of 
validated databases to Medicare data (Aim 1) in order to develop methods to 
identify acute stroke hospitalizations in Medicare data (aim 3). Aim 2, which 
examines the Chronic Conditions Warehouse definition of stroke using the same 
validated database, is not the main focus of this dissertation. Rather, it provides 
an opportunity to examine an existing algorithm and define its strengths and 
limitations which may inform work in aim 3. Thus, as the focus of this dissertation 
is algorithm development, this statistical framework will focus on aims 3. 
 After consideration of our conceptual model of health care utilization, it 
becomes clear that specifying models a priori to identify acute stroke 
hospitalizations in Medicare data may not be the best validation approach for our 
particular problem. While there are Medicare data variables based on clinical 
elements known to be associated with stroke, variables in Medicare are designed 
for health services utilization and billing, and are not direct measures of the 
biological variables. For example, it is possible to observe charges for a 
particular class of tests in Medicare data (i.e. MRI charges), but one cannot 
observe test results. Medicare variables represent consumption of services, 
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coding practices, and billing practices. These data are very rich and complex, 
and patterns of service utilization associated with a particular type of 
hospitalization may not be readily apparent. Our goal is to learn what patterns 
exist in the data which may be associated with acute stroke hospitalization. With 
this goal in mind, employed techniques should utilize the experience of 
successfully solved cases (i.e. validated acute stroke hospitalization databases) 
to learn which variables in Medicare data are associated with stroke 
hospitalization.20  
 B2. Problem Type-Classification and Prediction 
 Attempting to identify acute stroke admissions in Medicare data using a 
validated stroke database is a classification and prediction problem. We 
attempted to predict values of a categorical dependent variable (i.e. stroke/non-
stroke) from one or more continuous and/or categorical predictor variables (i.e. 
Medicare variables).19 The fundamental goal of our specific classification and 
prediction problem is to extract a decision rule from sample data which can be 
applied to new unseen data. In the case of classification, a learning system can 
also be termed a ‘classifier’. The process of classification is as follows. A dataset 
of cases to be classified (i.e. stroke hospitalization variables) is presented to the 
classifier, which examines the pattern of data and produces a decision on the 
class assignment of each case (i.e. stroke/non-stroke). For every case presented 
to the classifier there is a pattern of observations and a ‘correct’ classification. 
The classifier takes these data and patterns of responses and creates a classifier 
structure which associates the patterns of responses to the specified class. 
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Correctly solved cases are used to create the classifier, and thus the pattern of 
variable (also termed features) values for each case is associated with the 
correct classification. Learning in this context can be described as generalization 
of observed empirical associations subject to the rules of the utilized classifier 
algorithm/model.  
 
B3. Differences Our Validation Approach and Previous Validations 
 Efforts to validate acute stroke hospitalizations in administrative data have 
generally focused on primary and secondary ICD-9 codes. These studies have 
then calculated sensitivity, specificity, positive predictive value, and negative 
predictive value to assess how well these ICD-9 codes performed in comparison 
to a gold standard (usually medical records or a validated stroke database). The 
ICD-9 codes in such validation studies are chosen a priori, based on clinical 
and/or coding experiences. Expert opinion is often drawn on when choosing ICD-
9 codes. This approach differs fundamentally from our acute stroke validation 
approach which has been inspired by consideration of our problem type and 
validation approaches which have been successful in with other diseases.45, 54-57  
 Techniques chosen to validate acute stroke hospitalizations in Medicare 
are driven by our problem type. We did not want to limit validation efforts to either 
to ICD-9 codes or to our preconceived notions of what Medicare variables ought 
to be associated with acute stroke hospitalizations. Instead, we focused on 
learning what patterns actually exist in the data and are associated with acute 
stroke hospitalizations. Thus, while it is important to consider which variables 
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may be useful in distinguishing acute stroke hospitalizations from other types of 
hospitalizations a priori, all variables included in Medicare data were examined. 
Like previous validation studies, our study included primary and secondary ICD-9 
discharge codes, but unlike previous studies variables such as procedure and 
billing variables were included. We did not limit ourselves to an a priori specified 
model, but instead used techniques to find patterns of variables/coding in the 
data that are associated with acute stroke hospitalization and particular stroke 
subtypes. This multivariate approach elucidated coding patterns existing in 
Medicare data which are associated with acute stroke hospitalization. 
 Weiss summarizes our goals precisely, ‘let the data speak’.20 By providing 
data to a classifier, we can think of the data speaking, and the classifier providing 
the message. It also is important to remember, “All models are wrong, but some 
are useful.” 58 As our goal is to develop useful models which can be applied to 
Medicare data to accurately identify acute stroke hospitalizations, we recognized 
that the models associated with acute stroke hospitalization may not conform to 
our preconceived notions. We attempted to develop models which may be useful 
in distinguishing acute stroke hospitalizations from other types of hospitalizations, 
regardless of the variable type (i.e., ICD-9-codes, billing codes, demographic 
factors, etc.). 
B4. Supervised Learning Methods 
The type of learning system which fits our problem is ‘supervised learning’. 
In supervised learning methods, a training dataset with a known ‘answer’ is 
provided to the classifier, which learns how to classify cases based on provided 
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features. As our project relies on a validated acute stroke hospitalization data set 
with a set of known answers, supervised learning algorithms are the appropriate 
for our problem set.  
 A range of techniques were examined for the development and testing of 
algorithms to accurately identify acute stroke hospitalizations in Medicare data. 
Selected techniques were required to meet the following criteria: 
1. The technique (s) must to be useful for prediction. It is not simply 
enough to fit a model to data, over-fitting of models to the data is a 
concern which must be addressed. 
2. The technique (s) should be able to exploit validated datasets to 
develop models to predict values of a categorical dependent variable (i.e. 
meets validated stroke definition stroke/does not meet validated stroke 
definition) from one or more continuous and/or categorical predictor 
variables (i.e. Medicare variables). 
3. The technique (s) should be able to handle complex data (i.e. Medicare 
data) in which associations which are non-linear, distributions may not be 
normal, and variables which may be inter-dependent. 
4. The technique (s) should be able to provide some measure of 
sensitivity, specificity, positive predictive value, and negative predictive 
values. 
5. The technique (s) should be robust and be able to handle both large 
and small sample sizes. 
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6. The technique (s) should allow for testing. Specifically, the algorithm 
developed with the technique (s) should be able to be applied to other 
datasets and its accuracy evaluated. The technique should also be flexible 
enough to handle missing data. 
 
 Regardless of the algorithms selected, a specific process defining a 
training and validation data is important if one wishes to define algorithms which 
can be applied to new data. Selection of training data is essential, as the 
algorithm extracts as much information as possible from the training data to 
create a classifier. If only one data set is available, random selection of the 
training and test data is a good way to prevent the introduction of bias into the 
sample. 
 Error estimation is vital to the classification process as it provides a basis 
for objectively comparing the error rates of different learning systems as applied 
to the same data and acts as a tool for designing the classifier. Error rate 
estimation provides an idea of the variability in error estimates one might observe 
when utilizing the classifier on new data sets (i.e. that is if the training and 
validation data are representative of new datasets). Most error estimation 
techniques are based on statistical re-sampling theory but specific methods of 
error estimation may differ depending on the training data sample size. If the 
training data sample is large, it is to divide the sample into the learning sample 
and a validation sample. For example, we chose a 2/3 to 1/3 split. We used the 
training set to build the classifier, and the test set to validate it. The proportion of 
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the sample which is misclassified is then computed. In large samples this 
estimate provides an estimate of true misclassification error. Supervised learning 
algorithms which fit our particular problem of identifying acute stroke 
hospitalization in Medicare data included classification and regression trees 
(CART) algorithms. CART can handle problems with many parameters, and are 
able to classify patients well even when there the associations in the data are 
very complex.  
 Table 5.1 contains a basic exploration of the CART learning algorithm, 
which falls under the broad category of decision trees and the supervised 
learning paradigm. Supervised learning methods are suitable to tackling aim 3 of 
this research for three reasons. First, a validated data set with a known ‘correct’ 
answer is available and can be used to train various algorithms to learn various 
stroke definitions/distinguish between specific stroke sub-types. Second, 
Medicare data contain numerous complex variables and a pattern of utilization to 
identify acute stroke hospitalization is not easily observable. Third, the goals of 
supervised machine learning coincide with the goals of this thesis. Specifically 
the main goals of supervised learning are to induce from the training dataset a 
classifier that can classify future samples with high accuracy and to obtain 
explicitly, highly comprehensive, reliable decision rules or patterns from the 
training data. 5.1. 
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Table 5.1 Summary of basic strengths, assumptions, and limitations of decision trees 
Learning 
Algorithm 
Why Chosen Strengths Assumptions and or 
Limitations 
Decision Trees 
(generally)19, 20, 39, 
59
 
-Can be applied to complex data, 
are easily understood and require 
little data preparation.  
- Can utilize binary depended 
variable with classification 
techniques 
-Can use both numeric and 
categorical independent variables 
-Are fairly robust. They can handle 
small datasets often better than 
other learning algorithms, and also 
perform well with large datasets. 
- Can be used for classification and 
regression 
-Easy to understand 
-Pruning can deal with the problem of 
over-fitting. 
-Can handle missing data and are 
not subject to the same assumptions 
which apply to statistical regression 
methods.  
-Both selected decision tress 
recursively examine each decision 
node and select most optimal split. 
 
-Classes must be mutually 
exclusive. 
-Non-parametric 
-Decision tree is dependent on 
order of attribute selection 
-Errors in training set can result in 
complex decision trees 
-Produces trees based on the data 
provided to the learning algorithm. 
 Decision 
Tree/  
Classification 
and 
Regression 
Trees 
(CART)39 
-Utilized in the past quite 
successfully 
-While restricted to binary splits, is 
easy to understand. 
-Makes no distributional assumptions 
of any kind.  
-Cost complexity measure assists in 
choosing most appropriate tree. 
-Relies on a greedy learning 
algorithm.  
-Uses the gini function to estimate 
node purity. 
-Relies on binary splits. If more 
complex splits are required in 
order to model the data correctly, 
then measures must be taken 
-Not based on a probabilistic 
model, thus no confidence interval 
associated with predictions 
derived from a CART tree.  
-CART tree’s value is based purely 
on the tree’s historical accuracy-
how well it performed in other 
similar datasets.  
-For pruning, CART is cross-
validated using cost complexity 
models 
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Chapter 6. Conclusion 
 The goals of this dissertation were threefold: First to accurately link as 
many hospitalization records as possible to CMS data and explain why some 
patient hospitalizations cannot be located in CMS claims; second, to determine 
the validity of the CCW stroke definition for identification of acute stroke 
hospitalizations; and finally, to accurately identify acute stroke hospitalizations in 
CMS data using validated acute stroke hospitalization databases to develop and 
test identification algorithms. Next, we will present the overall study results, 
potential applications, strengths, and directions for future research.  
A. Overall results summary 
 
           For aim 1, we linked 90% of MSS hospitalizations to CMS enrollment data 
and 74% to CMS hospitalization claims. No CMS claim was located for 16% of 
MSS hospitalizations linked to CMS enrollment data; however 84% of these 
patients were enrolled in an HMO plan. Availability of death dates in MSS 
enhanced our ability to link MSS hospitalizations to CMS data. Inclusion of the 
working aged and Medicare ineligible patients in MSS may account for inabilities 
to link some MSS hospitalizations to CMS claims. Our project examines CMS 
enrollment and demographic differences between CMS linked and unlinked 
patient hospitalizations to provide a demonstrable example of linkage quality 
evaluation, and explains absence of some patient hospitalizations in CMS claims. 
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            For aim 2 we validated the CMS CCW stroke definition. For MSS stroke 
defined by acute stroke hospital discharge code, SEN was highest when CCW 
stroke was defined by CMS hospital and physician claims (SEN=98%; 
SPEC=98%). SPEC improved but SEN decreased (SEN=97%; SPEC=99%) 
when CCW stroke was defined by CMS hospitalization claims alone. PPV was 
highest (78%) when CCW stroke was defined by hospitalization claims and 
lowest (31%) when the BASF defined CCW stroke. Although sensitivity and 
specificity were high when the CCW stroke definition was compared to stroke 
cases defined by acute stroke ICD-9 codes, we observed many false positives. 
False positives increased when both CMS hospitalization and physician claims 
identified stroke cases. Algorithms accurately identifying hospitalized stroke 
cases while minimizing false positives in CMS data are needed. 
            For aim 3, we developed and tested acute stroke hospitalization 
identification algorithms. The algorithm with the best discriminative performance 
identified hospitalizations for cases with DS in CMS hospitalization claims data 
(Test data (TD): SEN=90%, SPE=96%, PPV=95%, NPV=92%, AUC=0.94). 
Discriminative performance was also high for the algorithm developed to identify 
hospitalizations for cases meeting CS criteria (TD: SEN=91%, SPE=95%, 
PPV=87%, NPV=97%, AUC=0.93). Discriminative performance was poorest for 
the algorithm developed to identify hospitalizations for cases meeting NS criteria 
(TD: SEN=86%, SPE=90%, PPV=74%, NPV=95%, AUC=0.88). CART trees for 
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all algorithms developed performed well in both training and test data. When the 
developed CART algorithms were applied to the entire MSS catchment area, 
PPV decreased to between 42% and 46%, while other metrics remained largely 
similar to what was observed in training and test data. While CART models 
selected the variables diagnosis-related group code and acute stroke diagnosis 
codes for all developed acute stroke hospitalization identification algorithms, 
other variables selected differed by acute stroke hospitalization definition. The 
CS identification algorithm used variables such as physical and occupational 
therapy charges to identify CS hospitalizations, while the NS identification 
algorithm used variables such as MRI charges. We demonstrate the use of 
machine learning algorithms such as CART to develop models that increase the 
accuracy of acute stroke hospitalization identification in administrative claims 
data. Our CART algorithms are available for validation with other data sets. The 
potential utility of algorithms that we developed has broader implications for 
stroke epidemiology and health services research. 
 
B. Applications 
  
       The linkage process we describe could be useful to researchers attempting 
to link acute stroke hospitalization databases to CMS data. To our knowledge, 
this is the first time death dates were used as an additional step when linking 
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hospitalizations to CMS data. Death dates allowed us to explore HMO enrollment 
for patients without a located acute stroke hospitalization in CMS data.  
       In order to use the CCW stroke definition effectively in research, careful 
consideration of the research question is required. High sensitivity and specificity 
of CCW allows researchers to identify hospitalized acute stroke patients. Thus, 
researchers could also use the CCW stroke definition to draw a sample of cases 
hospitalized for acute stroke in a given year. However, the relatively high rate of 
false positives requires researchers to make specific refinements pertinent to 
their research question to compensate for this limitation. The CCW stroke 
definition may therefore not be useful for activities such as stroke surveillance in 
isolation. With increased use of the CCW stroke definition, researchers will likely 
develop the specific refinement criteria needed to minimize false positives and 
increase the utility of this research tool. High NPV of the CCW stroke definition 
allows for identification of non-stroke patients. If the research goal is identification 
of a patient cohort without an acute stroke hospitalization, false positives are less 
of an issue. In such cases, the CCW definition could be used to exclude cases 
with an acute stroke hospitalization within a specific one year time period.   
      The CART algorithms we developed and tested to identify acute stroke 
hospitalizations in CMS data are available for validation with other data sets. 
Currently, the large number of false positives we observed is a limitation. 
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However, continued application and adjustment of the algorithm to other datasets 
will increase the utility of the algorithms we developed. 
 
C. Strengths  
 
             Previously published algorithms for identification of acute stroke 
hospitalizations have varied greatly in their case type, have not use variables 
other than diagnosis codes in administrative data, and have not been conducted 
with CMS data.16 The development of algorithms to identify acute stroke 
hospitalizations meeting clinical and neuroimaging criteria is a defining strength 
of our study. Clinical histories of patients included in the validated MSS database 
are known and provide valuable information about acute stroke hospitalizations 
when linked CMS data. Moreover, the MSS is population-based and included all 
acute stroke hospitalizations in the catchment area during the study period. Its 
comprehensive scope and the inclusion of hospital identifiers allows for the 
deduction of stroke status of hospitalizations not included in the MSS database. 
This allowed us to estimate specificity as well as sensitivity for the newly 
developed algorithms and to validate the CMS CCW stroke definition. 
 
D. Future research 
 
 Many false positives were observed for all of the acute stroke 
hospitalization identification algorithms we examined or developed in this 
dissertation. This contrasts to this high discriminative performance we observed 
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for many algorithms as measured by the AUC and Brier score. This discrepancy 
is partially due to the size of the datasets available to us as part of the CMS 
claims in the MSS catchment area. It is unlikely that any developed algorithm can 
achieve perfect discrimination between stroke and non-stroke cases in CMS 
claims data. Even a total error rate of 2%, would contribute to many false 
positives in a population with 40,000 claims. In contrast, NPV will often be quite 
high in such situations due to the large number of non-stroke claims in the 
dataset.  
Despite the limitations we face regarding estimates of PPV and NPV in 
large datasets, there are several avenues for future research. First, we could 
attempt to use other machine learning methods to develop acute hospitalization 
identification algorithms with CMS linked acute hospitalization datasets. Methods 
addressing rare class classification problems may be helpful. For example, 
application of methods such as cost-sensitive learning42, 43 or one class 
classification44 may enhance algorithm performance. Second, we could examine 
better ways of handling the variables available in CMS data. For example, acute 
hospitalization discharge codes are not necessarily independent. Hospitalized 
acute stroke patients are likely to have certain conditions (e.g., diabetes, acute 
myocardial infarction) in addition to their stroke. Finding a way to take 
correlations into account in our models may help increase the accuracy of acute 
stroke hospitalization identification algorithms. Third, we could use other types of 
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CMS claims data to enhance our acute hospitalization identification algorithms. In 
this project we only used CMS enrollment and hospitalization files to develop 
acute stroke hospitalization identification algorithms. Hospital outpatient claims 
files were not used. As stroke patients often use services which may be billed 
through hospital outpatient claims (e.g., physical therapy) these files may 
enhance our project. Fourth, increased focus on the characteristics of cases 
misclassified by our algorithms could help improve algorithm performance. 
Finally, testing developed algorithms in other datasets would be prudent and 
could enhance our algorithms. Our data were taken from the year 2000 and were 
limited to Minnesota. The performance of developed algorithms in other 
geographic locations and other time periods is unknown. Other datasets could 
allow us to better evaluate our algorithms, and demonstrate what other variables 
might improve algorithm performance. Continuing focus on increasing the 
accuracy of acute stroke hospitalization identification algorithms may allow CMS 
claims data to be used more effectively for stroke epidemiology and health 
services research.  
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 APPENDIX 
Table A1. Specific values of variables used in identification of acute stroke 
hospitalizations for cases  A) with an acute stroke hospital discharge code in 
any position (431,432,434,436,437), B) meeting neuroimaging criteria (NS) C) 
meeting clinical (CS) and in Medicare (CMS) data 
 
A) Acute stroke hospital discharge 
code 
in any position [431,432,434,436,437] (DS) 
Variable 
name 
Details 
Diagnosis 
related group 
codes* 
 
001 Craniotomy age >17 except for trauma 
126 Acute & subacute endocarditis 
134 Hypertension 
014 Specific cerebrovascular disorders except tia 
015 Transient ischemic attack & precerebral occlusions 
016 Nonspecific cerebrovascular disorders w CC 
017 Nonspecific cerebrovascular disorders w/o CC 
020 Nervous system infection except viral meningitis 
213 Amputation for musculoskeletal system & conn tissue disorders 
022 Hypertensive encephalopathy 
223 Major shoulder/elbow proc, or other upper extremity proc w cc 
024 Seizure & headache age >17 w CC 
025 Seizure & headache age >17 w/o CC 
253 Fx, sprn, strn & disl of uparm,lowleg ex foot age >17 w CC 
263 Skin graft &/or debrid for skn ulcer or cellulitis w CC 
027 Traumatic stupor & coma, coma >1 hr 
028 Traumatic stupor & coma, coma <1 hr age >17 w CC 
301 Endocrine disorders w/o CC 
344 Other male reproductive system o.r. procedures for malignancy 
397 Coagulation disorders 
042 Intraocular procedures except retina, iris & lens 
004 Spinal procedures 
425 Acute adjustment reaction & psychological dysfunction 
429 Organic disturbances & mental retardation 
434 Alc/drug abuse or depend, detox or oth sympt treat w CC 
449 Poisoning & toxic effects of drugs age >17 w CC 
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473 Acute leukemia w/o major o.r. procedure age >17 
477 Non-extensive o.r. procedure unrelated to principal diagnosis 
482 Tracheostomy for face,mouth & neck diagnoses 
483 Tracheostomy except for face,mouth & neck diagnoses 
492 Chemotherapy w acute leukemia as secondary diagnosis 
064 Ear, nose, mouth & throat malignancy 
007 Periph & cranial nerve & other nerv syst proc w cc 
 
B) Stroke meeting neuroimaging 
criteria (NS) 
Variable 
name 
Details 
Diagnosis 
related group 
codes* 
 
001  Craniotomy age >17 except for trauma 
113  Amputation for circ system disorders except upper limb & toe 
126  Acute & subacute endocarditis 
014  Specific cerebrovascular disorders except tia 
170  Other digestive system o.r. procedures w cc 
213  Amputation for musculoskeletal system & conn tissue disorders 
223  Major shoulder/elbow proc, or other upper extremity proc w cc 
233  Other musculoskelet sys & conn tiss o.r. proc w cc 
027  Traumatic stupor & coma, coma >1 hr 
028    Traumatic stupor & coma, coma <1 hr age >17 w cc 
301  Endocrine disorders w/o cc 
397  Spinal fusion w cc 
426  Depressive neurose 
473  Acute leukemia w/o major o.r. procedure age >17 
477  Non-extensive o.r. procedure unrelated to principal diagnosis 
482  Tracheostomy for face,mouth & neck diagnoses 
483  Tracheostomy except for face,mouth & neck diagnoses 
007  Periph & cranial nerve & other nerv syst proc w cc 
096 Bronchitis & asthma age >17 w cc` 
Surgical 
Procedure 
Codes 
 
Missing No surgical procedure bill was observed 
01.02 Incision and excision of skull, brain, and cerebral meninges 
01.24 Other craniotomy 
01.39 Other incision of brain 
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01.59 Other excision or destruction of lesion or tissue of brain 
02.2 Ventriculostomy 
22.19 Other diagnostic procedures on nasal sinuses 
22.51 Suture of laceration of lip 
02.94 Insertion or replacement of skull tongs or halo traction device 
03.03 Diagnostic procedures on spinal cord and spinal canal structures 
31.1 Temporary tracheostomy 
31.29 Other permanent tracheostomy 
33.1 Incision of lung 
33.27 Closed endoscopic biopsy of lung 
36.01 Operations on vessels of heart, Single vessel percutaneous transluminal 
coronary angioplasty [PTCA] or coronary atherectomy without mention of 
thrombolytic agent 
37.21 Right heart cardiac catheterization 
37.71 Initial insertion of transvenous lead [electrode] into ventricle 
37.72 Initial insertion of transvenous leads [electrodes] into atrium and ventricle 
38.21 Biopsy of blood vessel 
38.7 Interruption of the vena cava 
38.91 Arterial catheterization 
38.93 Venous catheterization, not elsewhere classified 
39.53 Repair of arteriovenous fistula 
39.95 Hemodialysis 
40.29 Simple excision of other lymphatic structure 
42.23 Other esophagoscopy 
43.11 Percutaneous [endoscopic] gastrostomy [PEG] 
45.13 Gastrotomy 
45.16 Esophagogastroduodenoscopy [EGD] with closed biopsy 
45.24 Flexible sigmoidoscopy 
54.4 Excision or destruction of peritoneal tissue 
54.98 Peritoneal dialysis 
57.32 Other cystoscopy 
57.94 Insertion of indwelling urinary catheter 
58.6 Dilation of urethra 
79.02 Reduction of fracture and dislocation, radius and ulna 
79.12 Reduction of fracture and dislocation, Closed reduction of fracture with 
internal fixation, radius and ulna 
82.0 Incision of muscle, tendon, fascia, and bursa of hand 
84.17 Amputation above knee 
86.22 Excisional debridement of wound, infection, or burn 
86.59 Closure of skin and subcutaneous tissue of other sites 
87.03 Computerized axial tomography of head 
88.38   Other computerized axial tomography 
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88.41 Arteriography of cerebral arteries 
88.71 Diagnostic ultrasound of head and neck 
88.72 Diagnostic ultrasound of heart 
88.91 Magnetic resonance imaging of brain and brain stem   
88.97 Magnetic resonance imaging of other and unspecified sites 
 
C) Stroke meeting clinical criteria (CS) 
Variable 
name 
Details 
Diagnosis 
related group 
codes* 
 
115 PMR card pacem impl w ami,hrt fail or shk,or aicd lead or gnrtr pr  
123 Circulatory disorders w ami, expired  
014 Specific cerebrovascular disorders except TIA 
015 Transient ischemic attack & precerebral occlusions 
218 Lower extrem & humer proc except hip,foot,femur age >17 w cc  
039 Lens procedures with or without vitrectomy 
416 Septicemia age >17 
482 Tracheostomy for face,mouth & neck diagnoses 
483 Tacheostomy except for face,mouth & neck diagnoses 
007 Periph & cranial nerve & other nerv syst proc w cc 
*Diagnosis Related Group Codes: Codes used by Medicare for reimbursement 
purposes to collapse hospitalizations into categories. Patients within each 
category are intended to be clinically similar and are expected to use the same 
level of hospital resources. 
 
 
 
